-1 Universiteit
%47 Leiden
The Netherlands

Risk stratification in Dutch primary care: a promising

approach to manage population health
Girwar, S.M.

Citation

Girwar, S. M. (2023, June 22). Risk stratification in Dutch primary care: a
promising approach to manage population health. Retrieved from
https://hdl.handle.net/1887/3621320

Version: Publisher's Version
Licence agreement concerning inclusion of doctoral
License: thesis in the Institutional Repository of the University
of Leiden

Downloaded from: https://hdl.handle.net/1887/3621320

Note: To cite this publication please use the final published version (if
applicable).


https://hdl.handle.net/1887/license:5
https://hdl.handle.net/1887/license:5
https://hdl.handle.net/1887/license:5
https://hdl.handle.net/1887/3621320

RISK STRATIFICATION IN DUTCH PRIMARY CARE
A Promising Approach to Manage Population Health

Shelley-Ann Girwar






RISK STRATIFICATION IN DUTCH PRIMARY CARE
A Promising Approach to Manage Population Health

Shelley-Ann Girwar



Department of Public Health and Primary Care of the Leiden University Medical
Center / Health Campus The Hague

ISBN: 978-94-6483-163-4

Cover: Shelley-Ann Girwar

Lay-out: Publiss | www.publiss.nl

Print: Ridderprint | www.ridderprint.nl

Copyright © 2023 Shelley-Ann M. Girwar, Almere, the Netherlands.

This thesis is protected by international copyright law. All rights reserved. No part of
this thesis may be reproduced, stored, or transmitted - in any form or by any means,
electronic, mechanical, by photocopying, recording, or otherwise - without prior
permission from the author or, when applicable, from the copyright owing publishers

of the publications in this thesis.

This research was funded by Noaber Foundation.

Financial support for the printing of this thesis was provided by the department of
Public Health and Primary Care of the Leiden University Medical Center /
Health Campus the Hague



Risk Stratification in Dutch Primary Care
A Promising Approach to Manage Population Health

Proefschrift

ter verkrijging van
de graad van doctor aan de Universiteit Leiden,
op gezag van rector magnificus prof.dr.ir. H. Bijl,
volgens besluit van het college voor promoties
te verdedigen op donderdag 22 juni 2023
klokke 13.45 uur

door

Shelley-Ann Maria Girwar
geboren te Paramaribo, Suriname

in 1987



Promotores

Prof. dr. M. E. Numans
Prof. dr. M. Fiocco

Co-promotor

Dr. M. A. Bruijnzeels

Promotiecommissie

Prof. dr. M. R. Spruit

Dr. M. R. Crone

Prof. dr. R. H. H. Groenwold

Prof. dr. H. Schers, Radboudumc

Dr. M. D. Spreeuwenberg, Maastricht University Medical Center



For Micah
Where the writing of this dissertation ended, your life began.

May your generation benefit from Population Health Management approaches

including Risk Stratification, both in the Netherlands and in my homeland Suriname.
May innovative and efficient approaches improve Suriname’s healthcare system one day.

Mi Kondre tru, mi lobi yu (My country, I love you)



TABLE OF CONTENT

Chapter 1

Chapter 2

Chapter 3

Chapter 4

Chapter 5

Chapter 6

Chapter 7

Appendices

General Introduction

A systematic review of risk stratification tools internationally
used in primary care settings

Assessment of the Adjusted Clinical Groups system in Dutch primary
care using electronic health records: a retrospective cross-sectional
study

Validating and improving ACG’s future hospitalization and high-
cost prediction models for Dutch primary care

Identifying complex patients using Adjusted Clinical Groups risk
stratification tool

General Discussion
Summary
Samenvatting

List of Publications

Curriculum Vitae

Dankwoord

17

51

75

93

113

123

128
130
131
132









CHAPTER 1
GENERAL INTRODUCTION



Chapter 1

Our personal “data” are widely being collected, stored and (re-)used in a systematic
matter. With registries of websites, app subscriptions and even our browsing history,
our data become subject to analyses with or without our knowledge and awareness.
Besides official authorities such as governmental and legal authorities, commercial
businesses such as grocery - and clothing stores are collecting and storing our daily
data. Assuming that privacy regulations are taken into account, storage and analysis
of our data can be used for our benefit. How easy is it to use for example, the
information we receive from a supermarket bonus card scheme, derived from our
grocery shopping habits? How convenient is it, that based on our previous clothing
purchases, we get information on sales products that match our clothing style? With
systematic analyses of our data, we can be provided with tailored advertisement,
which we may appreciate much more than large-scale collective advertisement.

Although we also store a lot of data in healthcare, we are not (re-) using these data as
efficiently as the commercial industry does. The majority of provided care is offered in
a similar way as large-scale collective advertisement, for instance with standardized
care programs to fit an assumed persona or population. We still have a lot to learn
about systematically using healthcare data in order to provide patients at specific
risk with tailored interventions to reduce that risk. This is what risk stratification is all
about: systematic analysis of healthcare data in such a way that interventions can be

tailored to individuals’ risks of specific adverse outcomes.

Risk stratification

Due to the inequality of healthcare needs within populations, large-scale ‘one-size-
fits-all’ healthcare programs are prone to losing their efficacy. Data-driven approaches
making these inequities in healthcare needs visible, are therefore potentially very
beneficial and routine registry data are increasingly being used to provide proactive
care, attempting to lower health costs by reducing expensive and avoidable care such
as hospital admissions. Risk stratification, the assignment of individual risk scores to
patients based on registered health profiles, has proven to be an efficient and effective
tool in the provision of proactive care. In addition, risk stratification can be used to
allocate available resources according to needs instead of demands, as healthcare
needs are usually unequally distributed within populations. Various studies have
shown the use of risk stratification tools to determine morbidity burden (1, 2) and
identify healthcare utilization inequities (3). Risk stratification has also proven to be
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General Introduction

effective in selecting the right subpopulations for patient-centered interventions
aiming at lowering expensive healthcare utilization such as hospitalizations (4).

Risk stratification in Dutch Primary Care

Data-driven approaches using risk stratification are not currently commonly used
in the Netherlands. Hospitals are trying to introduce “data-driven healthcare” and
“value based healthcare” principles into their internal organization. However, despite
the availability of data and the great possibilities of providing proactive care in
primary care (which is due to the gatekeeper function of General Practitioners (GPs)
in the Netherlands), routine primary care data are not being used systematically for
Population Health Management purposes. Regional attempts have been made to
establish proactive care interventions based on data, in the primary care context,
such as the U-care program in Utrecht. This program was aiming to test the cost-
efficacy of early detection of frail elderly, followed by personalized proactive care
interventions. It is still used as a means to prioritize care in many practice centers.
The early detection in this program concerned a frailty assessment based on
patients’ electronic medical record data (mainly physical deficiencies), followed by
a more detailed evaluation of cognitive, social and psychological domains when the
Frailty Index score was above a certain threshold (5). Although this is a fair attempt
to use data to assess the risk of being frail and thus performing risk stratification
in Dutch primary care, it required the additional collection of information through
interviews and questionnaires rather than fully relying on systematically usable
routinely collected registry data. Other approaches are mostly targeted on specific
subpopulations or specific diseases. Risk stratification analyses on complete primary

care populations using registry data in a systematic way, are lacking.

Built on the issues discussed above, the studies reported in this thesis aim at finding
a suitable risk stratification method that can be used on general populations in Dutch

primary care.

Risk stratification in the context of Population Health
Management

Risk stratification is an important element of Population Health Management (PHM),

a revitalized new concept in healthcare. Although many different definitions for PHM
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exist, the Triple Aim value perspective seems important in most definitions, ranking
patients’ value and quality of care as equally important elements as lowering of
costs (6). With the patient’s value in mind, providing personalized care is one of the
main pillars of PHM. An efficient way to analyze risks and needs of patients and thus

enabling personalized care, is to use data-driven approaches.

Data-driven approaches in the form of risk stratification, also support efficiency and
proactive care provision, other important pillars of PHM: performing risk stratification
in PHM approaches, enables us to allocate resources to those who will benefit
most from intervention. Assigning specific risks to individuals gives opportunities
to identify the need for targeted proactive care. With aging populations, the view
of the burden of disease is changing from that of single chronic diseases to more
complex patterns of diseases, recognizing that multimorbidity is the norm (7). This
change in epidemiology is causing the already diminishing healthcare resources to
run out at an even faster rate. The use of innovative technology within healthcare
and the increasing demands of patients about the way their healthcare should be
organized, are adding to this problem. With reduced budgets available for healthcare
and a decreasing workforce due to the aging population, our healthcare is becoming
too expensive to afford. The effective and proactive nature of PHM, which can be
supported by risk stratification, can offer solutions.

Even though risk stratification is possibly one of the strengths of PHM approaches,
PHM goes beyond the allocation of resources to the identification of appropriate
subpopulations and the provision of proactive care. PHM highlights the importance
of the coordination of care delivery across a specified population. In PHM,
improvement of both clinical and financial outcomes is gained through a set of not
only individual, but also organizational and cultural interventions. (8, 9). This requires
multidisciplinary, collaboration of different stakeholders and consideration of the
governance structures on different levels. Most healthcare systems are organized in
fragmented non-integrated silos, which are built up according to single organization,
medical or social conditions. Separate educational programs, payment systems and
pressure groups in parliament show the fragmentation of our healthcare systems.
The organizational interventions of PHM approaches, which are striving towards
interdisciplinarity and collaboration across disciplines, are therefore becoming a

necessity rather than a luxury.
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PHM provides solutions to renew and improve our healthcare systems, with risk
stratifying data-driven approaches as important tools towards more efficient and
sustainable healthcare systems. To enable cultural interventions and to provide
holistic profiles of patients when performing risk stratification, it is important to
also include social and cultural determinants of health rather than sticking to just
biomedical determinants. This thesis while less focused on social and cultural

elements, concentrated on routinely available data in Dutch GP practices.

Objective of this thesis

The objective of this thesis was to identify a risk stratification tool which can be used
in Dutch primary care covering overall general practice populations. Different risk
stratification tools are used internationally. However, the suitability for the use in
primary care varies between the different tools. In addition, the appropriateness
of any tool is dependent on the goal that needs to be achieved. Specifically in
primary care, the goal should be to improve the general health and wellbeing of
the population. Consequently, a risk stratification tool fit for primary care should be

based on complete patients’ profiles rather than on specific disease outcomes.

The research question to be answered with this thesis is “What risk stratification tool
is most suitable for Dutch primary care and how can this tool be used with Dutch
routine primary care data?

Different sub-questions can be derived:

- What risk stratification tool is most appropriate for use in primary care?

- Is this risk stratification tool applicable to the Dutch primary care data?

- How do we select the right data for proper application of the risk stratification
tool in primary care?

- How well does this risk stratification tool perform in Dutch primary care?

- How can we adjust the risk stratification tool to appropriately fit the Dutch
primary care setting?

Outline of this thesis

The second chapter of this thesis was aimed at answering the following question
‘What risk stratification tool is most appropriate for use in primary care?’ In order
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to answer this question, a systematic review was performed to identify and assess
different risk stratification models used internationally in primary care. Calibration
and discrimination properties of the models were employed to evaluate the
performance.

Chapter 3 reported results of a pilot study in which a risk stratification tool known to
be appropriate for the use in primary care, is applied to a Dutch primary care setting.
Results show the applicability of the tool using Dutch primary care data.

The fourth chapter discussed the results of the main study within this thesis. In this
study, the performance of the risk stratification model in terms of calibration and
discrimination properties, used in Dutch primary care, was statistically assessed. In

addition, the model was adjusted in order to best fit the Dutch primary care situation.

To visualize the effects and benefits of using a risk stratification model in primary
care, a model which identifies a specific subgroup within the population, that would
benefit most from certain interventions, was estimated. This is discussed in chapter
5. The subgroup to be identified was a group of complex patients with problems on
multiple health domains and with above average acute care utilization. Identifying
this type of subgroup for intensive care management interventions, can allocate
healthcare resources efficiently yielding to proper intervention programs and

eventually lowering overall healthcare costs.

This thesis ends with recommendations for further research, especially regarding
societal and practical impact.
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Chapter 2

Abstract

Introduction

In our current healthcare situation, burden on healthcare services is increasing, with
higher costs and increased utilization. Structured Population Health Management
has developed as an approach to balance quality with increasing costs. This approach
identifies sub-populations with comparable health risks, to tailor interventions
for those that will benefit the most. Worldwide, the use of routine healthcare
data extracted from electronic health registries for risk stratification approaches
is increasing. Different risk stratification tools are used on different levels of the
healthcare continuum. In this systematic literature review, we aimed to explore

which tools are used in primary healthcare settings and assess their performance.

Methods

We performed a systematic literature review of studies applying risk stratification
tools with health outcomes in primary care populations. Studies in OECD countries
published in English language journals were included. Search engines were utilised
with keywords e.g. ‘primary care’, ‘risk stratification’ and ‘model’. Risk stratification
tools were compared based on different measures: Area Under the Curve (AUC) and

C-statistics for dichotomous outcomes and R2 for continuous outcomes.

Results

The search provided 4718 articles. Specific election criteria such as primary care
populations, generic health utilization outcomes, and routinely collected data
sources identified 61 articles, reporting on 31 different models. The three most
frequently applied models were the Adjusted Clinical Groups (ACG, n=23), the
Charlson Comorbidity Index (CCl, n=19) and the Hierarchical Condition Categories
(HCC, n=7). Most AUC and C-statistic values above 0.7, with ACG showing slightly
improved scores compared to the CCl and HCC (typically between 0.6 and 0.7).

Conclusion

Based on statistical performance, the validity of the ACG was the highest, followed by the
CCl and the HCC. The ACG also appeared to be the most flexible, with the use of different
international coding systems and measuring a wider variety of health outcomes.
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Introduction

For several decades healthcare costs have been rising. This has been attributed to
ageing populations and innovative ways of curing and treating diseases, leading to
an increased prevalence of chronic illnesses and comorbidities among community
dwelling older people (1). Also patients have increased demands regarding increasing
choice around the way their healthcare should be organized and have tended to
utilize more care. Furthermore, the needs for healthcare are not evenly distributed
within populations. In Western countries, the sickest 5% of the population make up
for 50% of the total healthcare costs (2). In order to maintain high quality healthcare,
resources should be distributed according to the needs of the population instead
of the demand. One way of dealing with this is to allocate resources according to
the individual care needs in subpopulations. Predicting healthcare utilization and
health outcomes based on needs provides opportunities to allocate resources more
appropriately. Predictions of health outcomes through risk stratification can be
used to tailor proactive clinical care, to install preventive measures, to restructure
healthcare and to improve insight for healthcare professionals. In the long run this
approach will help improve the quality of care and reduce the costs (3,4).

A way to monitor and predict costly patient outcomes such as hospitalization, high
care utilization and emergency department visits, is through the use of structured
population health management programs. Population Health Management is an
approach that aims to improve the health of a defined group of people and to strive for
more equitable distribution of health outcomes within the group. In Population Health
Management programs, an important step is to stratify individuals within a specific
subpopulation according to the risk of experiencing an adverse event, such as defined
undesirable health outcomes or the extent of their healthcare utilization. Stratification
analyses are often performed based on the use of routinely collected healthcare data.
Typically, the high-risk sub-population usually comprises of a small percentage of
the total population. The medium-and low-risk subpopulations are much larger with
around 35% of the overall population classified as medium-risk and 60% as low-risk (2).
The identification of people classified on their respective risk-estimates is referred to as
risk stratification. Preceding risk stratification population segmentation is performed.
Segmentation can be performed based on general characteristics such as age, gender
and specific diseases, but also on morbidity and healthcare utilization patterns. A
discussion of segmentation was outside the scope of this study.
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Many methods for risk stratification exist internationally. Current literature regarding
risk stratification models prominently focus on stratifying hospital populations, based
on readily available hospital data. However, primary care data has a great potential to
improve healthcare quality and reduce health costs (5). Especially in countries where
primary care registries have nearly 100% coverage of the total population, such as
the Netherlands and the United Kingdom (UK), the opportunity arises to assess the
whole population by using these routinely collected primary care data. Distribution
of risk in a primary care population is different from a hospital or specialized care
population. Current literature also mainly focuses on risk stratification models
with disease specific outcomes, whereas in this study the focus is on more generic
utilization outcomes such as risk on hospitalization, emergency department visits,
future high healthcare utilization and high pharmaceutical expenditures.

The aim of this study was to perform a systematic literature review to describe
and assess the performance of different risk stratification tools with generic
health utilization outcomes using routinely collected data, and with possibilities of
application to the European context, such as in Dutch primary care. Based on the
description of the performance of the tools, we recommend the risk stratification

tool best suited for usage in Dutch primary care.

Methods

The PRISMA statements regarding conduction and reporting systematic literature

reviews were followed throughout the literature review process (6).

This review was conducted through searches in the search engines Pubmed and
Embase. The search-string which contained both keywords and MeSH terms is shown
in supplementary table 1. The most important keywords were ‘primary care’, ‘risk
stratification’ and ‘model’. EndNote X8.2 was used as the reference manager for the
articles. The search-string was produced in collaboration with the Leiden University
Medical Center (LUMC) Walaeus library.

The PRISMA flow diagram displays the numbers of included and excluded articles
(figure 1).
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Records identified through database searching Records identified through database
(Pubmed + Embase), initial search 2017 searching, update 2019
n=5879 n = 1049

4 A4

Records after duplicates
removed
n=4718
Records screened on Records excluded
title and abstract » n=4528
n=4718
A4
Additional records identified Full-text articled Full-text articles excluded,
through other sources assessed for eligibility > with reasons
n=2 n =190 n=131

v

Studies included in
qualitative synthesis
n=61

Figure 1: PRISMA flow chart displaying numbers of included and excluded articles

Inclusion criteria

The search characteristics are specified by the Population, Intervention, Control
and Outcome (PICO) method. In our research, the population is the primary care
population. Therefore, we only included articles where models applied to primary care
populations are discussed. The interventions investigated were the risk stratification
approaches and models that are applied to primary care data. Outcomes investigated
are risks of hospitalization, high healthcare costs, emergency department visits, high
pharmaceutical drug expenditure, mortality and other generic health utilization

outcomes.

For comparability with a Western-societal environment such as the Dutch situation,
only studies performed in countries listed with the Organisation for Economic Co-
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operation and Development (OECD) (7), were included. Only freely accessible
articles in the English language were considered eligible. Articles from January 2007
till August 2019 were reviewed. The inclusion criteria narrowed the search down to
a context which was more applicable in a European primary care situation with a

gatekeeper’s role, such as the Dutch primary care system.

Exclusion criteria

Articles that used risk stratification tools on populations consisting of hospitalized
patients, or patients seeking consultation with a specialist (e.g. an oncologist or
cardiologist) were excluded. These patients were not considered to represent those
in a primary care setting. In addition, research looking at specific disease outcome
was also excluded, as this review aims at exploring general population outcomes.
Articles not freely accessible were excluded as well as articles that were not available

in English.

The initial search, conducted in December 2017, yielded 5879 articles. In September
2019, an update of the search was conducted, resulting in an additional 1049 articles.
After removing duplicates according to the manual of the Free University (VU) library
(8), 4718 articles remained. Articles were screened on both title and abstract, based
on the criteria mentioned earlier. 78% of the screening, based on title and abstract,
was performed by two researchers independently (R.J. & S.G.). Their results were
compared, and in the case of disagreement (2%), the articles were discussed until
consensus was achieved. The main causes for disagreement concerned indistinct
and misunderstood study populations and model outcomes. As the percentage of
disagreement was low, the remaining 22% of the titles and abstracts where only
screened by one researcher. After screening on title and abstract, 190 articles
remained to be screened on their full text. Screening of all 190 full papers was
performed by the same two researchers independently and results were compared.
Again, in case of disagreement (21%), the article was discussed until consensus was
achieved. After exclusion of 131 articles, including 17 titles which were either not
freely accessible or where no English versions of the full papers were available, 59
studies remained to be included in this review. Two further articles were added

through the snowball method, resulting in 61 articles.
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Assessing performance of models

The different models were compared on three aspects: frequency of use, statistical
diagnostic validity, and performance in primary care.

For each identified risk stratification model, the frequency of use of the model was
presented, taking into account all included studies.

For the assessment of the statistical diagnostic validity, reviewed studies were
divided into application, validation and comparison studies. In the application studies,
risk stratification tools were applied for purposes other than assessing their statistic
diagnostic validity. Therefore, application studies did not present any statistical
diagnostic measures of the risk stratification tools. In the validation studies and in most of
the comparison studies, statistical diagnostic measures of the applied risk stratification
tools were provided. Area Under the Curve (AUC) and C-statistics for models with
dichotomous outcomes and R?values for models with continues outcomes were used to
validate risk stratification tools. Models with AUC or C-statistic values between 0.5 and
0.6 were classified as performing poorly, values between 0.6 and 0.7 were considered
sufficient and values above 0.7 were considered good (9). Ten of the reviewed papers,
the comparison studies, compared more than one risk stratification tool in the same
study population with the same record data, enabling a more appropriate comparison
between risk stratification tools. Most of the comparison studies presented statistical
diagnostic values, as they are mostly also validation studies.

For performance in primary care, we assessed the type of routinely collected data that is
used as input of the model. Models using input data available in Dutch primary care health
records were assumed to have a good potential performance in Dutch primary care.

Results

A total of 31 risk stratification models were identified in the literature. The three most
frequently applied tools, taking into account all included studies, concern the Adjusted
Clinical Groups (ACG), the Charlson Comorbidity Index (CCl) and the Hierarchical
Condition Categories (HCC). These three main risk stratification tools are presented
in table 1, with predicted outcomes and diagnostic values. Assessment of these tools,
their diagnostic validity and applicability in primary care are described in order. The
remaining 28 risk stratification tools can be found in supplementary table 2.
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Adjusted Clinical Groups: 23 studies

The ACG is the most frequently applied risk stratification tool in our review. The
ACG system is a risk stratification model designed by the Johns Hopkins University.
The model was originally developed to predict and measure multimorbidity in a
population. The ACG system is a measure of comorbidity and can predict utilization
costs, hospitalization and emergency department visits. The model is able to use
patients’ data from Electronic Health Records (EHRs), insurance claims, disease
registries and health status surveys(10). Minimal input data for the model are
healthcare diagnoses in a specific time interval, gender and age, to which the ACG
classifies people to one of 93 ACG categories. These categories represent expected
healthcare utilization. In addition, different probabilities for future utilization of
healthcare services are calculated. This information can be used by healthcare
professionals to make informed clinical and administrative decisions (4).

Of the 23 ACG studies, eight provided statistical diagnostic values for the accuracy of
the model, calculated for different outcomes. For prediction of hospitalization, the
model is diagnostically assessed three times with AUC and C statistic values between
0.73 and 0.82 (4,11,12). The diagnostic accuracy can be classified as good.

In one study a C-value of 0.67 is presented for prediction of emergency department
visitation, which classifies as Sufficient, and a C-value of 0.76 for prediction of high total
costs, again classifying as good (4). Three other studies presented R? values between 0.37
and 0.41 for explaining the variation of healthcare costs by the ACG model (10,13,14).
Variations in high utilization of different healthcare services, such as primary care visits,
specialists’ visits and numbers of diagnostic imaging tests, diagnoses and hospitalizations,
are discussed in three studies, with R*values ranging from 0.24 to 0.77 (13,15,16).

ACG is highly suitable for application in primary care populations, as using
International Classification of Primary Care (ICPC) codes as input is possible (10).
ICPC codes are used to classify complaints and diagnoses of patients in many primary
care settings, such as in the Netherlands. This information is stored in EHRs. The
model uses other input variables such as age, gender, pharmaceutical information
and previous visitation, stored in the EHR as well.

Charlson Comorbidity Index: 19 studies

The CCl is the second-most studied risk stratification model. The CCl was developed
by Charlson and colleagues in 1987 and was originally an age-comorbidity index that
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predicted a relative risk of death within a year for hospital admitted cancer patients
(17). Since that time, many adjustments have been made and in addition to mortality
predictions the model is now used to predict hospitalization, emergency department
visitation, future healthcare utilization and morbidity in wider populations. The
system categorizes the population into six categories, based on the presence of
comorbidities and chronic conditions, of which a weighted sum is provided (from
zero conditions as category one to five or more conditions as category six) (18,19).
The model investigates the effect of multimorbidity and predicts several outcomes.
Variations of the CCl exist and the validity on predictions have been consistently
investigated (4).

From the 18 studies in which the CCl or a modification was used, 10 provided statistical
diagnostic values. AUC and C-values range from 0.61 to 0.78 for the prediction of
future hospitalization (4,12,20,21), which correspond to an accuracy of Sufficient and
Good. For emergency department visitation C-statistics between 0.58 and 0.63 are
provided (4,21,22) (poor to sufficient) and for total costs, R? values were between
0.20 and 0.34 (14,18,19). For healthcare utilization of different healthcare services R?
values were between 0.13 and 0.26 (15,16,23).

Input variables for the CCl include combinations of age, race, gender, mental illness,
pregnancy, drug or alcohol addiction, type of health plan, type of provider, number
of therapeutic classes and number of medications prescribed. The CCl is fit for use
with primary care data, but focuses primarily on the absence or presence of chronic
conditions, apart from other demographics. Although there is no evidence in the
included studies of use of the CCl with ICPC codes, the coding system used in Dutch
primary care, there is evidence for use with Read codes, a British primary care
coding system (24). Possibilities to use the model with coding systems other than
International Classifications of Disease (ICD) codes, are therefore very likely.

The software algorithm for CCl is published and available (4).

Hierarchical Condition Categories: 7 studies

The third most frequently studied model (n=7) is the HCC. This model was first
designed and implemented by the Centers for Medicare and Medicaid Services
(CMS) to adjust capitation payments for enrolees with higher risk than others.
The model uses demographic data of patients as well as ICD 10* revision (ICD-10)
diagnosis codes. ICD codes are used in all American healthcare service providers
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(25). The ICD classification is adapted in other countries, yet these are codes most
prominently used in hospital administrative registries (26). Based on this information,
the model categorizes a patient into one of 70 aggregated condition categories which
contributes to an individualized risk score.

For this model, four diagnostic values are provided in two studies included in this
literature review. For hospitalization an AUC value of 0.64 (25), and a C-statistic of
0.67 (4), are provided. The study by Haas et al. provides a C-statistic equal to 0.58 for
prediction of emergency department visitation, but a much higher C-statistic of 0.70
for prediction of high total costs (4).

A major concern regarding this model, is that it makes use of ICD codes rather than
ICPC codes, making it difficult to apply in the Dutch primary care settings.

Comparison studies

A total of ten papers compared more than one risk stratification tool applied within
the same study populations. However, only five articles compared more than one
of the three above mentioned risk stratification tools while providing statistical

diagnostic values to compare the different tools with each other.

For hospitalization the ACG performs slightly better than the CCl with AUC values
of 0.80 versus 0.78 (12), and C-statistics of 0.73 versus 0.68 (4). The ACG also
outperforms the CCl regarding emergency department visitation with C-statistics of
0.67 versus 0.59 and high total costs with C-statistics of 0.76 versus 0.70 (4), and R?
values of 0.41 versus 0.34 (14). Furthermore, the study by Shadmi and colleagues
showed evidence of the ACG providing better results compared to the CCl regarding
other healthcare utilization outcomes, such as numbers of hospitalizations (R2=0.24
versus R? = 0.11), primary care visits (R? = 0.54 versus R? = 0.18), specialist visits (R?
= 0.45 versus R? = 0.13) and diagnostic imaging tests (R? = 0.37 versus R? = 0.15)
all within a study period of 12 months (16). In addition, Brilleman and colleagues
find R? values of 0.37 for the ACG and 0.26 for the CCl with the number of general
practitioner (GP) visits as the predicted outcome (15).

Remaining risk stratification tools

In addition to the three above mentioned risk stratification tools, 28 other tools
were identified within this systematic literature review. One of the 28 identified risk
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stratification tools is called the Elixhauser Index or Method and was mentioned in five
studies. The Elixhauser Index uses a set of 30 dichotomous variables as comorbidity
measures (27). Outcomes concern high utilization and pharmaceutical expenditure.
One out of the five studies, mentioning the Elixhauser Index, provided C-statistics
between 0.62 and 0.74 for different health utilization outcomes (21). The study by
Ou and colleagues compared those C-statistics to values between 0.61 and 0.64 for
the CCI (21).

A number of the identified risk stratification tools include disease or medication
counts as comorbidity measures, such as the Chronic Disease Score (CDS) (n=3),
which is based on dispensed drugs history. The previously mentioned study by Ou
and colleagues provided C-statistic values between 0.61 and 0.72 for the CDS (21).
The remainder of the identified risk stratification tools were only mentioned a few
times (n=1, 2 or 3) in the articles, typically including only one validation study per
risk stratification tool. The infrequent use of these tools does not make a review
possible. The Clinical Risk Groups (CRG), for example, emerged three times within
our systematic review. However, all studies using the CRG as a risk stratification tool
were application studies and thus lacking statistical diagnostic values. Most other
studies, describe a new risk stratification tool developed for a specific situation. In
supplementary table 2 all of the risk stratification tools are presented, organized by

included studies.

Discussion

Summary of main findings

This literature review revealed a broad range of risk stratification tools that have
been assessed on accuracy and validity. The most common predicted outcomes were
future hospitalization, emergency department visitation, high healthcare utilization,
and total cost. The three most frequently studied risk stratification tools were the
ACG, CCl and HCC.

With most AUC and C-statistic values above 0.70, the ACG performs good on a
wide variety of outcomes. The CCI scores sufficient for different outcomes, with
the exception of high utilization of healthcare for which a low score yielded.
With most AUC and C-statistic values between 0.60 and 0.70 the HCC can also be
classified as sufficient. Comparing the results of the ACG, the CCl and HCC, more
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convincing evidence for accuracy and validity is found for the ACG. Previous research
also indicated the high accuracy and validation of the ACG model (12,28-30). The
model is considered one of the leading models regarding the accuracy of predicting
hospitalizations (12), and is widely used to gain insight in future healthcare utilization
of patients (31). The study by Ou and colleagues is making a compelling case for the
validity of the Elixhauser Index and the CDS, compared to the CCl (21). However, this
result is not robust as it is only based on a single study. Nevertheless, the Elixhauser
Index may have future potential for use in a European primary care setting.

For the applicability in primary care, evidence shows that the ACG has the possibility
to make use of ICPC codes, the coding system of the (Dutch) primary care registry.
The CCl has not yet been proven usable with ICPC codes. Nevertheless, evidence has
shown possibilities for the CCl to be used with Read codes (24), the UK’s primary care
coding system, making it highly likely that the CCl can be applied using other than
ICD diagnosis codes. For the HCC model on the other hand, there is no evidence to
use diagnosis codes other than the ICD coding system, making it difficult to use this

model in Dutch primary care.

The results of this study support the idea that risk stratification tools are suitable
for primary care data in a European context. However different models emphasize
various aspects within the tools. As all applications are focusing on similar utilization
outcomes, such as hospitalization, ED visits and costs, the ACG has an array of other
indicators developed for risk stratification. Various applications in primary care show
the potential of models for example in areas of improved resource allocation (32),
and care management due to better insights into vulnerable populations (33). In
addition, the ACG provides possibilities to efficiently prioritize sub-populations for

tailored care interventions (34).

Limitations
Although our results support risk stratification using the ACG in primary care, there

are some limitations.

We only selected studies that already performed risk stratification in primary care. As
a consequence we could have missed stratification tools only applied in hospital or

open source data, but with a strong potential for suitability in primary care.
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Selection of studies was dependant on the inter observer reliability of the two
researchers. Although inclusion and exclusion criteria were clearly formulated
beforehand, the possibility remains that useful tools were missed given the relatively

high number of disagreements.

We assessed the identified risk stratification tools in different studies, in an attempt
to compare the statistical validity of the models with each other. However, the
incomparable circumstances under which different studies are performed, such as

study populations and data sources, make reasonable comparisons challenging.

We based our recommendation on diagnostic values of applied risk stratification tool
reported by studies published in scientific literature. Due to publication bias promising

risk stratification tools may not have emerged sufficiently from our findings.

Further research

From all the articles included in this study, a small percentage explicitly defines ‘risk
stratification’. With the growing need for tailored care and health management
approaches, a precise definition will be useful. Risk stratification and other terms
such as population segmentation are now used interchangeably. Studies contributing
to a generalized definition of the term risk stratification will be of great scientific
and practical value. By using the same definition, miscommunications regarding the
meaning of risk stratification will be reduced, and information on highly performing

methods and implementations thereof can be shared more effectively.

With this review, we studied which risk stratification tools are best suited for the
European primary care setting. However, primary care settings differ between
countries. To find the best suitable tool for a specific primary care system, the
performance of different tools should be investigated within the same setting, centred
on desired outcomes. Based on the results of this literature review, further studies
assessing the performance of desired risk stratification models, will be beneficial for

Dutch primary care.

Conclusion

In conclusion, based on application frequency, statistical validity and used diagnosis
coding systems, we suggest the ACG as the best model for use in European primary
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care settings, such as Dutch Primary Care. However, further local assessment of the
ACG system is needed to ensure proper implementation.
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Supplementary Material
Supplementary table 1: Search strategy

(((("risk”[tw] OR”risks”[tw] OR “Risk”[Mesh]) AND (“stratification”[tw] OR “stratifications” [tw]
OR “stratified”[tw] OR “stratify”[tw] OR “stratifies”[tw] OR ”stratifying”[tw])) AND
("model”[tw] OR ”models”[tw] OR ”"tool”[tw] OR "tools”[tw] OR “method”[tw]
OR ”methods”[tw] OR ”measure”[tw] OR ”measures”[tw] OR ”measured”[tw] OR
”"measuring”[tw] OR “algorithm”[tw] OR "algorithms”[tw] OR “metric”[tw] OR "metrics”[tw]
OR ”score”[tw] OR ”scores”[tw] OR “scoring”[tw] OR "index”[tw] OR ”indexes”[tw] OR
"indices”[tw] OR ”indexed”[tw] OR ”“count”[tw] OR “counts”[tw])) OR ”“adjusted clinical
groups”[tw] OR “Minnesota tiering”[tw] OR ”Hierarchical Condition Categories”[tw] OR
"elder risk assessment index”[tw] OR “chronic condition count”[tw] OR ”Charlson comorbidity
index”[tw] OR “chronic disease score”[tw]) AND (“General Practitioners”[Mesh] OR “General
Practitioner”[tw] OR “"General Practitioners”[tw] OR “physician”[tw] OR “physicians”[tw] OR
"general practice”[tw] OR "General Practice”[Mesh] OR "GP”[ti] OR ”"GPs”[ti] OR "GP’s”[ti]
OR ”Primary Health Care”[Mesh] OR ”Primary Health Care”[tw] OR “primary care”[tw]
OR ”Family doctor”[tw] OR “family doctors”[tw] OR “Family practice”[tw] OR ”Family
practices”[tw] OR ”Family medicine”[tw] OR “general medicine”[tw] OR “Accountable Care
Organizations”[Mesh] OR “"ACO”[ti] OR "ACOs” [tw] OR "ACO’s”[tw] OR “care organization”[tw]
OR "care organisation”[tw] OR ”“care organizations”[tw] OR ”care organisations”[tw] OR
"Ambulatory Care Facilities”[Mesh:NoExp] OR “Community Health Centers”[Mesh:NoExp] OR
"health center”[tw] OR ”health centers”[tw] OR ”health centre”[tw] OR “health centres”[tw]
OR ”Health Maintenance Organizations”[Mesh] OR ”maintenance organization”[tw] OR
”"maintenance organisation”[tw] OR ”maintenance organizations”[tw] OR “maintenance
organisations”[tw] OR “"HMO”[ti] OR "HMOs"[ti] OR "HMOQ’s”[ti] OR "MCO”[ti] OR "M COs”[ti]
OR ”MCQ’s”[ti] OR "managed care”[tw] OR "integrated care”[tw])

Filters: Date 2007-2019, Language English

38



Review of Primary Care Risk Stratification Tools

z19'0z=u
S9lJedYaua( a4ed

padeuew (uoneziuediQ

ale) aJe) pasdeuely)

pasdeue|n Jo |eusnor Apnis yyeaH so|doad
uedlBWY YL vsn uouedjjddy sdnoJg [eatul]) paisnlpy [2A3] AUPIQION  PaZI[BUOLNIASUI-UON (¢ (600T e 32 Uoding)

Apnis  uomawelq sswoainQ

uosliedwod pue Ayjenp ‘sdnoug 00T‘98=U
S2lwou0d3 pue |ediul) paisnipy ‘xapu| 9o10eud |esauasd Jo w1 (PTOT
y3|eaH Jo |eusnor MN uonepiien  Alpigiowo) uosjiey) 51500 yyeay Asewd uone|ndod aied Asewid “|e 12 uewsj|g)

Apnis  uomawel4 sawoanQ

uosliedwod pue Aljenp ‘sdnoug 7L€'S6=U
ssald pue |eaiul) paisnlpy ‘xapuj 91kl uoleyNSuUod 2o10eud |esauasd jo « (€T0T
ANSI9AIUN PIOIXO MN  uonepliepn  AupigJowo) uosjiey) pue Ajjerow JeaA aaay) uone|ndod ased Atewlid ‘Aungsijes g uewsj|g)

899 =U

polsad

Apnis ay1 uiyum aspoead

|esaua8 SunedipnJled

e PaSIA OyMm Usp|o Jo
Apnis JUDWISSISSY (dn-mojjo) yruow sieah g pasde synpe =
selnien duel{  uonepljep J1J1BLISD Jolig WSM-9  g) suoissiwpe [eydsoH Buljjamp Alunwwo) (6T0Z “|e 19 19yoneag)

95N uonedIpaA
91elidosddeu| Ajjenualod

Adesayjooewueyd el yuMm pajeposse 879'9=u « (0TO0T
J143e1IRD JO |eusnor Apnis siaag paylpo|A ‘WaisAs 51502 pue uonezi|iun J9p|o 4o ‘lueins] g ‘1ysees|
uedlBWY 3y ueder uonedlddy uoneayisse|d Jasneyxi|j aJedyjjeay ‘@ausapidu|  p|o sieah g9 pade synpy ‘lew| ‘emezeyy)

0€9'59=u

424eas9Y S9IIAIDS Apnis saJ4nyipuadxa Snip $943u9d aJ4ed Atewnd
y3eaH JINgG uieds uonepijlep sdnouo [edjul) paisnlpy  ul Aujiqersena pauiejdx3 9AY WoJ) syuslled o; (800¢ “|e 19 opendy)
|eusnor Anuno)y adAy Apmis 1I9pPON awonQ uone|ndod ERIETEIEN]

‘umoys aJe uopedlgnd jo
Jeuanor pue Aiauno) ‘edAl Apnis ‘|opow uonesynesls ysiy ‘ainseaw awodnQ ‘uonendod-Apnis ‘sajdLue papn|dul JO MIIAIBAQ ¢ 3|gel Azejuswalddng

39



Chapter 2

aupIpa
9ALUBARIJ

424e3s3Y SIIAIDS
yilesH JINg

A3ojo1wapid]
|eatund Jo |eusnor

a1e) |edIpaN

Apnis
vsSn uonedijddy

Apnis
VSN uopedijddy

Apnis
VSN uonepljep

Apnis
VSN uosiedwo)

oueInsul
pue Aduanbauy usia
‘Ado3a1ed 93e ‘aunseaw
Alpigiowod se xapu|
Aupigiowo) uosjiey)d
Suipnjoul |9pow umQ

xapu|
Aypigiowo) uosjiey)

xapu| Alpigiowo)
uos|iey) paidepy

sdnoup [ea1ul|) paisnlpy

SUSIA
aJed Asewid aanuanalg

salJepyauaq
1500 y3iy |enuaiod
JO uoneaynuUapP|

sjuaned ased Atewnd ul
95E3SIp JO S1502 121paid

ouew.opad

[9pow uoneaynesls
3SI UO sa3ed ||y
uondiiosaud Jo 30943

¥€L'80T=U
uopez|uedio aiedyljeay
1uanedino JaAed paxiw
‘984e| e ul syusned

2Jed Adewud aiam oym
‘sieah g8 01 g9 pasde
‘salleldyauaq aledlpay

(uaapiiyo

96€£°C pue

synpe 8T¢‘¢) #¥19'v = u
(uonejndod

1|Npe uJaJU0d S3|Nsal
pajuasald malnal siyy
uj) sausied plealpsin
/3J1e21pa|Al Suipnjoul
10U 493U |BdIpPaW
oyioads e ul aued Asewrd
PaAID3J OYM ‘UBIP|IYD
pue synpe ‘salepyauaq
2Je2 padeuew piedipalA
198'G=u

|eydsoy o1wapede ue

ul 9o10eud |esauasd e jo
uone|ndod aied Asewd
L60°E=U

S}JOMIBN

SJauMed Yl|eaH ays jo
uope|ndod aJed Auewlud

ge (8TOT ‘YN 7 ‘symis
‘Illsuewoy ‘Suny))

6T

(¥TOT “|e 18 uos|ieyD)

8T

(8007 “|e 18 uosjieyd)

46 (£T0T “|e 32 Buey))

|euanor

Anuno)y adAy Apmis

[9PON

2WolInQ

uone|ndod

CRlVERETE) |

panupuo) :z 9|qe} Adejuawajddng

40



Review of Primary Care Risk Stratification Tools

w (6002
SURIPSN Apnis 8G5°Gz=U  ‘AS|qIS @ ‘UIppauIOIN
Ajlwied jo sjeuuy epeue) uopedlddy sdnodo |edjul) paisnipy snieis yyeay pasoudelq uonejndod aied Atewld ‘ey8y Usize|n)
e (CTOT ‘wwipy
jJuswaseue|n Apnis sal408918) uonezijeydsoy 970‘9=u -51913d 18 ‘1Auasaazs
yyeaH uonendod Auewusn uopedlddy  uownipuo) |ealydJelaly 24NNy ySd uondipald uonendod aied Asewiid ‘950 ‘zuny ‘punalid)
dnoup sty (9s) 000‘00 €=U
Apnis  [e21u1]D ‘VIND Se umouy (1) (000‘00T=U
uosliedwod sdnoJo AupigqJoN (0) 000‘0052=u
puei03s pue paisnipy ‘sdnoig (8) 000’001 2=U 2 (9102
uado rNg  ‘Ajey) ‘uieds uoped)ddy |eatul) paisnlpy  juswssasse ysi yijeaq suonejndod aued Asewind  “|e 39 uids3-seuanq)
G/S‘T9T =U
o1oeud
|eJauas e je pajeasy
y2Jeasay SaVIAIDS Apnis uaaq pey oym saiaqgelp
yijeaH DINg ellesisny  uonepljeA  [9pow uondipatd umo uolssiwpe |eldsoH z 9dA1 yum syuaned 4, (6T0Z “|e 32 sluuaq)
EVEBTTC
= U ‘@8eJaA0D snonunRuod
yum ‘ued yyeay
pue wa3sAs Asaniap
QUIDIP3IA [BUJAI| Apnis sali0891e) UOLIPUO) 2Jedy3|eay pajesSaiul
|e42uan Jo |eudnor VSN uopediddy |ealyaJesaly S1502 248D Y3|eaH ue woJj susaned o, (8T0Z “|e 32 sineq)
059°CT=U
9opoeud |essus8
YoJeasay SadIAIS Apnis JUBWISSISSY uolssiwpe g3 4o e Jo synpe Suljjamp
yiesH JINg VSN uonepljep ASIY s49p|3 dYL uonezijeydsoH ysiy-ysiH Ajunwwod Jap|0 4 (0TOT “[e 19 BuRID)
|eusnor Anuno)y adAy Apmis 19pOoIN awonQ uone|ndod ERIEIEIEN]

panupuo) :z 9|qe} Adejuawajddng

41



Chapter 2

SUIPaN
Ajlwe jo sjeuuy

uepisAyd
Aljiweq ueipeue)

SUIIP3IA [BUJIU]
|eJauag jo |eusnof

300[3nQ SuisinN

1uswasdeuen
woldwAs pue
ured Jo |eulnor

ale)
pasSeue o [eulnor
uedlIaWY ayL

xapu| Ajluanas

»nQ ‘91eas Suney
Sssau||| aABE|INWND
‘3100S 3seas|q d1uoiyd
‘xapu| Aupigowo)
uos|iey) ‘sdnosg

- MIINDY |eaiuld paisnipy

Apnis e1I9114) siaag ‘Xapu|

epeue) uonedyddy  Aupigiowo) uosley)
Apnis

uosuedwod uoudipaid sty

pue [BI2J3WWO) 18 94025

VSN uonepijep uosjiey) uanedinQ

Apnis wyylod|e

VSN uonediddy  [ed1ul]d Xapax31dINOD

|ooL
Apnis siojeoipu| aJe) annel||ed

ueder uonepijep pue aapnJsoddng

Sunal] ejosauulN ‘xapu|

Alpigiowo) uosjieyd

‘quno) Aipigiowo)

21U0JIYD ‘JUBWISSISSY

3siy Jop|3 ‘sa1408318)

Apnis  uonipuo) |ealydJesaly

VSN uosuedwo) ‘dnoug |eatul) paisnipy

91| Jo Anjenb ‘Ayjeriow
‘S1S0D ‘uonezi|un aue)

suelisAyd Ajiwey 03 SHSIA
1uanbauy Jo s10321pald

A3xa]dwod jo uondipald

Anxa|dwod pue
95eas|p 21UOJYD UO paseq
$140Y0d paynesis-ysty

peap pue uoyerolaq

saJnlipuadxa

y8iy ‘voissiwpead
Aep-Qg ‘susin
juswpedap Adusdisws
‘uonezijeldsoH

uone[ndod a4ed Asewld

§9¢=u

uope|ndod aJed Asewlid
TLE'EYT=U

}JOM]BU Ydueasal paseq
-92130eud e uj syuspned
1npe aJed Alewd
LOV'LLY=U

paJnsul Aj21ealid pue
pIe2IPSIA ‘@4BIIPIIA JO
uope|ndod aJed Atewlud
Z8€ = u ‘pouad

Apnis ay1 uiyum asnoeud
|esauad Sunedpnled

e pallsIA oym Uap|o

10 sieah g9 pagde
sjusaned aJed Alewld

L8T'eE8=u

2o1noeud

aJed Alewud e ul 0T0Z
pue 600z Ul pajauedwsa
syuaped }npy

oe (€TOTZ ‘Angsijes
R ‘sesap|ep ‘Apand
‘uosuyor ‘Asjpuny)

g (LTOT “[2 32 NH)

v (STOT “|e 32 8uoH)

o (#TOT
‘uosuyor g ‘pJeyloo
‘039S U9UMBH)

o (6T0T ‘emezny
3 ‘IYsIO ‘oueweH)

» (ETOT “|e 33 seeH)

|euanor

Anuno)y adAy Apmis I9pPON

3wo2no

uone|ndod

42

ERITEYEIEN]

panupuo) :z 9|qe3} Aieuawajddng



Review of Primary Care Risk Stratification Tools

sdnouo
|eaul) paisnipy aya

(]opow ay3 Sunsal
10} %0€ pue Sululesy

10} %0£) TS0'0Z6 =U
3domiau Juanedino aued

Apnis wouj panlIap si031pald uonezijeydsoy Ayje1dads pue Asewnud 1 (6T0T
3uQ So1d VSN  uonepijep UM [9pow umQ Aep-og pauueidun  98ie| e Ul USSS UBIP[IYD ““|e 12 1ojual|eN)
xapu| Aupigiowo)
Apnis uos|iey) ‘sdnouo 000°00L‘v=u
aJe) |edIpaN VSN  uouepijep |eaiul) paisnipy uonezijeydsoy sundipaid uonejndod ased Atewld ,; (210Z “|e 1@ ajwa)
90L‘9=u
Apns ‘s?19qelp g adAy yum 2 (ET0T
Ad110d y1jeaH dyJewuaqg uonedddy sdnodg jediun) paisnlpy 51502 32IAJISS J0) 934 sjuaned aued Asewlid “|e 313 uasuaIsLy)
6cT's6E=U
90U0 15E3| 1B
Apnis USINQT  SdIulpd dJed Asewrdd J1dy3
syuoday dyluals ellesisny  uonepljep [opow umQ  ‘uopnezijeydsoy JesA T  papuane oym siuaned o (6TOZ “|e 19 euueyy)
s9pod sisoudelp T¥y'9pT=u
0TADI 40 pealsul SIINXO S|0J3u0d
2o10e.ld Apnis /pEeay Yum asn 4oy Ayyjesy pue syusned
Ajlwed JINg MN  uonepijep 9402S uosjiey) paidepy Anjenon Joued aued Alewd 4, (0TOZ “|e 19 ueyy)
616c=u
193U32 [edIpaw
JlWapede Uk JO SIIUI|d
JeaA ased Asewysd uj Jap|o pue
Apnis auo ul uopezijeydsoy sieah g/ pade Alap|a
248D |BIIPAIN VSN  uonepljep ‘uosjieyn-ohag pauueidun Suljemp Alunwwo) o, (8007 “|e 12 Anouy)
INSI¥d  "P3sh S22Jn0SaJ pue 3yl
pajjed jooy uondipaud  jo Ayjenb ‘uonoeysnes
Apnis S uoissiwpe  juaned ‘@ied Jo AiaAljp 00t‘z=U o (ETOT
|leuanor el S9|eA\\  uonepljep Aduadiswa uy  9yj uo s}aYL 9lewnsy uope|ndod aued Asewlld “|e 39 s3ulyonyH)
|eusnor Anuno)y adAy Apmis 19pOoIN awonQ uone|ndod ERIEIEIEN]

panupuo) :z 9|qe} Adejuawajddng

43



Chapter 2

Aa1d0s 905V =
SJ1J3B1J9D) UBJLIBWY Apnis sali039a1e) U {S31JBIDY2US( SJBDIPIA
9y3 Jo |eudnor VSN uopediddy  uowipuo) |ediydJesaiH uonezijeydsoH ‘uoneindod aJed Asewlid ., (6002 ““|e 3@ AS|sONI)
uonez(nn
dhdeld |eauln @3 pue [endsoy Joy ysi 80¥0T=u
ul uopen|end Apnis uo uoLleIYLILIIS YUM (Aussaniun |eaipaln)
JO |eusnor VSN  uounepijep |opow umQ syuaned Suuaisn)  uonendod aied Alewld < (LTOZ “|e 19 UeIO|A)
vs (6T0C
‘soquewele]-osn
/99‘CE=u 13 ‘0|aNSU0D-SEAIA
S9W03NQ 9417 JO Apnis 1013SIP Y3jeay oyads  ‘epaw|Q eselejepenn
A1ljlenp pue yijesH uleds uoned|ddy sdnoJdo sty |eatul) ainseaw A1IpIQIO|A € ul paJa1si8al suazuid ||y “4angasiad-e||lIN)
(vL6'eT
= u) syuaped painioely
diy 4o} (098°9z=u)
A3ojopoyrs N poylaw $|0J1U0D PAYIIBW-XIS
yaueasay Apnis Jasneyx1|3 ‘xapu| JedA-T  pue -23e :s2o130e4d B4ED e
|e3IP3IN DING MN  uonepiien  AypigJowo) uosjieyd pue Aep-Qg :Aljenon Asewnid wouy syuaned (6T0Z “|e 19 3)edIBIN)
Tve=u
Apnis plweiAd aqusuew.ad Jap|o pue 2 (8T0C
uado rINg uleds uonednddy sdnoug |eaiut)) paisnlpy J9s1ey|, ay3 Jo %G doj sieah Gg pade sjuaned “|e 12 9puasaT ULIeA)
0sL=u
¢10¢ 03
8007 WOJ} US3S 2Jom pue
SUOL}IPUOI PIIII|IS Y}
10y 2Je) JO U0 1Se3| 1k pey Oym
3|gepJoyy Aq pauyap 195 e1ep Apnis waisAs
suoBIpuod dIUoIYd uoleW.JOoJU| UOLJBUIPIOO)
J0 3UN0d ‘sali08a31e) 2Je) pajesdaiu|
uonIpuo) [edIydJeldlH ay1 ui SunedpnJed
sopew.ou| Apnis ‘xapu| Ayipigiow o) 51500 aJedyieay pue so1uld a4e2 Adewnd
|eaul)) paljddy VSN uopedjddy uos|Jey) paylpow yy uonezijeydsoy ‘susia g3 934y} Wouy syuailed 1 (£TOZ “|e 19 unde)
|eusnor Anuno) adAy Apmis 19pOIN awonQ uone|ndod ERIEIEIEN]

panupuo) :z a|qel Adejuawa|ddng

44



Review of Primary Care Risk Stratification Tools

jJuswaseue|n
yieaH uonejndod

Apnis
uosedwo)

pue

VSN  uolepieA

Xapu|
Aupiqiowo) 9417 jo
Anjenp paiejai-yijeay
9102G aseasig d1uoJay)
‘Xxapul Jasneyxi|3
‘Xapul uos|ieyd
paidepe-ouewoy Jo
UOISIaA paylipow v

7€8'6=U
sa1aqelp ¢ adAy
Y1IM S99]|04U PIedIpaIAl

saunlipuadxs pue
uonez||un aued yijesaH

¢ (ZT0Z “I2 33 nO)

aUIIP3IN
u1 yoJeasay
SAWO02INQ YijeaH

2Je) padeue|n
JO |euJNOf UBdLIBWY

Apnis
uosiedwo)

pue

VSN  uonepijep

Apnis
VSN uohepljeA

Xapu|
Aupigiowo) a1 o
Ayjenp paie|al-yijeaq
‘9402G 9seasIq d1uo4y)
‘Xapul Jasneyxi|3
‘Xapul uosjieyd
paldepe-ouewoy Jo
UOISJaA payipow v

sol408918)
uonipuo) |ed1ydJelalH

sainypuadxa pue
uonez||un aJed yijeay
‘(92uaJaype uonedipaw
s2uaned ‘aouaiaype
pJepuels soualsype:
sajagelp s,ueisiyd)
SJoIABYD( 3.4eD Yl|eaH

z€8'6=u

sajaqelp ¢ adAy

YHM S93]04Ud PIEJIPIIN
06L'9% =u

sieaA Japuajed omy

1Se9| 1B J0OJ JUBWI||0JUD

g pue y 1ed snonuuod
YHM Sa1iedyauaq
2.4e2IP3IA (dwn e e shep
06 404 pazijeuonnigsul
$1S0) 24edy}eaH 3ou) Suljemp Alunwwo)

(T¥S‘LTS=U) s13sN 3500
ysiy-uou paydlew xas
pue a3e pue (£y8‘SLT=U)
$J9sn 3502 Y3IH

1« (TT0Z “|’ 32 NO)

45 (800€ “4audaln
upjwal R ‘ni ‘sshon)

Apnis aJow Jo 9%
uado VIND epeue) uonepljep sdnodo |eaiul) paisnlpy uoissiwpe |eydsoy pjo sieah 99 pade synpy (6TOC [e 19 AOIeIN|A])
|eusnor Anuno)y adAy Apmis 19pOoIN awonQ uone|ndod ERIEIEIEN]

panupuo) :z 9|qe} Adejuawa|ddng

45



Chapter 2

GEET8=U

yyeaH a1gnd Apnis swea) aJed Asewnud e (£00T
40 |eusnor ueadouny uleds uonedlddy sdnouo |eaiut|) paisnlpy a1ey |ellasay 9AY Sulpuane sjuaned  “|e 19 Jeule|N-SeJdIS)
TET/8Y=U
Apnis uonez||n (sy40mi3U y1jeay 2 (2102
Ad1j0d y1jesH epeue) uonedlddy sdnoug |eaiul) paisnipy 2Jedyljeay paidadx3y Ajiwey) eyep aued Adewtld qa1ze| 3 A9|qIS)
9
Apnis uoueziian 855'5z=u (0TOT U21z€|9 1B ‘ey3y
248D |BIIP3IN epeue) uopedddy sdnoug jeaiur) paisnipy uepisAyd Sunoaipaid sjuaned aied Asewld ‘uippaulo ‘As[qIs)
Apnis suonezijendsoy () pue TvZ'6LT=U
uosliedwod 51591 Suldewi onsouselp uonezjuedio
pue xapu| Aupigiowo) (€) ‘susinasijerdads 2Jed yyjeay 1s08ue|
uonepljea uos|iey) ‘sdnouo (2) ‘s423unoduUD 24BD  S,|9RIS| ‘SRIIAIDS Yl|edH
yyesH a1gnd JINg |oeds| ‘uonediddy |eaiul) paisnlpy  Asewnd (T) Jo sisquinN  31je|D JO S93]04U3 3NPY o (TTOTZ “[e 18 lwpeys)
3}J0MaWeI4 dWO02INQ 00 (TTOT ‘AdowioBiuon
90110kl [BJBUID Apnis Jo Ayjenp ‘sdnoug 166'66=U R ‘sesaplen ‘Apand
JO |eusnor ysulg MN uonediddy |eatul|) paisnlpy Aupigqiownny  uonejndod aued Asewtld ‘uosuyor ‘Aungsijes)
22130814 |B2IUID
uj uopen|ens Apnis Xapu| Auanss 869=U s (800¢ ‘uoswepy
JO [euanor vSn uonediddy  Aupigiowo) uosjiey)  ssaujj| ‘uonezinn ySiH uonejndod aued Alewlld 1@ ‘usassnwsey Ua1yoy)
(paseq sdnoun
[e2a1u1]) pa1snipy)
uapJng AlpigJiow pue
(s4epJosip oureiydAsd)
susaned sisoudelp
2Je) yijeaH x3|dwod Jo uonNqLIU0d pazijeyudsoy TELIST =U
AJewud jo |eudnor Apnis ‘diysuone|as yusned sAep jo Jaqwinu pue syuapned s (8T0OC ‘SuljjeH

uelAeUIpUBDS

uapams uonedijddy -10300p YHM [9poWw umQ

(Aseuiq) uonezijeyidsoy

paisl| aJed Atewid

13 ‘NO|PIIN ‘PEISUEY)

|euanor

Asunoy

adAy Apmis

[2PON

3wo2no

uone|ndod

ERITEYEIEN]

panunuo)

:Z 9|ge1 Aueyuswaddng



Review of Primary Care Risk Stratification Tools

INISIYd
paj|ed |00} uondipaid

660°0€C=U

A1ajes Apnis S uoissiwpe uolssiwpe s9onoeld aJed
3 Ajjeno rng NN uonedddy Aouadisws uy |exdsoy pajnpayasun Atewnid wouy syuaned o (6TOZ |8 19 SHO0US)
(sjos3u0d
pue sased) T89‘g X7 =U
saLsIau Adeweyd wouy
9402S 95easIg 21uoJy)d sjuaned pazijeydsoy
A30|001X0] pue spuelaylaN Apnis ‘Aduanbauy sa8uey) uolssiwpe -uou paydlew pue
A3ojooewieyd JINgG 9y} uonediddy uonduosald Suluiquo) |exdsoy jo uondipald (sosed) pazijendsoH s (ETOTZ “|e 18 ouls)
o1kl |eaIulD 53509 |e30} ‘sasoudelp gegi/TT =u
ul uolen|eny Apnis JO Jaquinu ‘S)SIA :jo swea) aJed e (ET0T
Jo [euunor uleds  uonepijep sdnouo [eajul) paisnipy 2oueneA Sujuieidx3y Asewnd €T woudj syjusned — ““|e 19 JeUulB|\-SeIDIS)
GET'LTT=U
(sorelpead
%G €T ‘@Jed Aewid
Apnmis %598) swes} aJed v (CT0T
uado rAg uieds uonediddy sdnouo |eajui) paisnlpy 51500 yjpeaH Asewnd €T wou)syuaned — “|e 19 JeulB|\-SeJDIS)
|eusnor Anuno)y adAy Apmis 19pOoIN awonQ uone|ndod ERIEIEIEN]

panupuo) :z 9|qe} Adejuawa|ddng

47



Chapter 2

YoJeasay
9JIAJSS Y3BaH DING

aURIPaN
9ALUANDI(

0 [eudnor
uedRWY 3yl

s3uipasdoud
d1ul) oAen

aJe) padeue|n
JO [BUINO[ UBDLIBWY

yoJeasay
Sa0IAJSS Yl|eaH

Apnis

uleds uonedlddy sdnodo |eaiul)) paisnlpy

Apnis
vSn uonedijddy

Apnis
vsn uoneoijddy

Apnis
|9eds| uopned|ddy

Apnis

94005
Jasneyxi|3 ‘wyysose
Suluaes| auiyoew y

Sulial] elosauulip
Aanuns Ajiep|3
9|geJaunA ‘sdnolo
[e21U1]D pa1sn(py

uleds uonedlddy sdnoug |eaiul]) paisnlpy

uondwnsuod
92JN0S3J UO SI03edIpUl
SS9UDALIAYD
pue Aduaioyy3

'S9IINIDS
|e120s pue 3ul||9aunod
uennaIp ‘saIAIIS Yijeay
|ednoineyaq se yons
$921AJ9S punoJedesm
JUDJBYIp O} |edJd)al B
Suipaau J0j $2400S ySIY
uoneysiA Juawliedap
Aduagiawa pue
suopezi|eydsoy 121paud
uoneysiA Juawliedap
Aduadiswsa pue
suopezi|endsoy 121paud

uolssiwpe |exdsoH

€65'96T=U

SEIUES)

2JedyyjeaH AJewld €T Jo
uope|ndod aJed Asewlud

€€8'SLT=U

dnou3 |043u02 snsian
(¥S2‘z9=u) Suljjapow
uoneoyness ysu suisn
dnoJg uonuaniaul
:lexdsoy o1ignd e 03
payul| Sa1uld aJed
Alewisd wouy syuaned

916'Ce=u

yueqoiq d1uijd oAel HOF
uope|ndod aJed Asewlid
T¢z=u

Aldop|a

Suljomp Aylunwwo)
Sgt'v=u

240w 4O

sieah g9 pade (aseasip
Aseuownd annonJ1sqo
21U0JYd puk aJnj|ie) Jeay
‘salaqelp :suolIpuod
93JU3 JO IN0 OM] 15ED)|
1e) Aupigiownnw

yum suaned

o(ETOT “|e 33 UB|OIA)

60 (6T0T "2 33 353N)

2 (E£T0C
“le 33 1yseyexe])

1 (2T0C
“|e 19 S4aquu9)s)

ve (6T0C
‘“|e 19 BOPJ0D-010S)

|euinor

Anuno) adAy Apmis

[PON

awong

uone|ndod

CRlVERETE) |

panuiuo)

:Z 9|9e1 Auequswa|ddng

48



Review of Primary Care Risk Stratification Tools

'suoLIDIIPaW J0f SaP0I (J1Y) [PIIWIAY)D [0IQN3ADIAY ] IIWOIDUY UO PasDq $a11063a10I duju 03Ul SJU3IDd $321106310I [dPOW D V4

|euJnor ajuauewlad

paAJasiapun pue
1004 9Y1 10} 31e)

Apnis
VSN uopepijep

Apnis

w08y

°9JBJ JO S}S0J pue

uopeuaWSas J01uads uonezijerdsoy ‘AyijeloN

68T‘T6=U
Jap|o

pue sieaA g9 pase Alap|3
9€°G=u ‘poriad Jeak-omi

e JIAO0 DJUI|D dudIpaW
Ajlwey ojwapese ueqgan
ue Ul uaas “4ap|o pue

« (FT0T
‘113 ‘Buop ‘noyz)

v (8T0T
asny 3 UASIIVOIN
‘noiiSen ‘uoissulnn

Y3|eaH Jo |eusnor VSN uopediddy Jasneyxty3  (s1so0d ysiy) uoneziun Jeah gT pasde syusaned -swel|jim ‘nx)
sal408318)
uonIpuo) [eaIYdJelalH
JUnod uolIpuod
Apnis  oluoJyd juozza ‘Xapuj Ayljeziow //8'€ST‘G=u « (€T0C
fng vSn uopedddy  Aupigiowo) uosjeyd JeaA-auo padipald  SaleIdYIUSq S4BJIPSIA “|e 12 S1aquuapn)
NAShaXy
‘s9sse|d uoyedpaw
pasuadsip jo yaquinu
“xapu| Ayipigiowo) 798 =u
uos|Jey) ‘aunod aseasip J3p|0 JO Siedh
Apnis SuoLIpuUOd Pa3IR|3S uolssiwpe |eydsoy gz pade synpe Suljjamp -
uado riNg puejaJ| uosiedwo) Un0d dseasIp |e10] Aduadiaws Sundipald Alunwwod Jap|0  (9T0Z “Ie 19 dde|jlem)
000°00€=u
Apnis pauoluaw S|00} syuaped ‘uone|ndod aied 2 (9102
uado rNg MO  uonepiep OU ‘S2400s YSl @1eaJd) sl ySiy uoneosynusp|  Asepuodss pue Atewilld ‘1zieq 1@ 4ake inp)
¥S0'T9Z=u
Apnis sdnoug Suipuads 9o10eud |edauasd jo u (10T
Ad1j0d yijeaH uleds uonediddy dsiy [edaIulD ‘w|epow D1y  |ednnadewdeyd 11pasd  uone|ndod aied Alewlid “|e 19 0]aNSUOD-SBAIA)
|eusnor Anuno)y adAy Apnmis 19pOIN awonQ uone|ndod ERIETEIEN]

panunuo)

:Z 9|9e1 Auequswaddng

49






CHAPTER 3

ASSESSMENT OF THE ADJUSTED CLINICAL
GROUPS SYSTEM IN DUTCH PRIMARY CARE
USING ELECTRONIC HEALTH RECORDS:

A RETROSPECTIVE CROSS-SECTIONAL STUDY

Shelley-Ann M. Girwar, Marta Fiocco, Stephen P. Sutch, Mattijs E. Numans,
Marc A. Bruijnzeels

Published in BMC Health Services Research. 2021 Mar 10;21(1):217. doi: 10.1186/s12913-021-06222-9



Chapter 3

Abstract

Introduction

Within the Dutch health care system the focus is shifting from a disease oriented
approach to a more population based approach. Since every inhabitant in the
Netherlands is registered with one general practice, this offers a unique possibility to
perform Population Health Management analyses based on general practitioners’ (GP)
registries. The Johns Hopkins Adjusted Clinical Groups (ACG) System is an internationally
used method for predictive population analyses. The model categorizes individuals
based on their complete health profile, taking into account age, gender, diagnoses
and medication. However, the ACG system was developed with non-Dutch data.
Consequently, for wider implementation in Dutch general practice, the system needs to
be validated in the Dutch healthcare setting. In this paper we show the results of the first
use of the ACG system on Dutch GP data. The aim of this study is to explore how well the
ACG system can distinguish between different levels of GP healthcare utilization.

Methods

To reach our aim, two variables of the ACG System, the Aggregated Diagnosis Groups (ADG)
and the mutually exclusive ACG categories were explored. The population for this pilot
analysis consisted of 23,618 persons listed with five participating general practices within
one region in the Netherlands. ACG analyses were performed based on historical Electronic
Health Records data from 2014 consisting of primary care diagnoses and pharmaceutical
data. Logistic regression models were estimated and AUC’s were calculated to explore the
diagnostic value of the models including ACGs and ADGs separately with GP healthcare
utilization as the dependent variable. The dependent variable was categorized using four
different cut-off points: zero, one, two and three visits per year.

Results

The ACG and ADG models performed as well as models using International
Classification of Primary Care chapters, regarding the association with GP utilization.
AUC values were between 0.79 and 0.85. These models performed better than the
base model (age and gender only) which showed AUC values between 0.64 and 0.71.

Conclusion

The results of this study show that the ACG system is a useful tool to stratify Dutch
primary care populations with GP healthcare utilization as the outcome variable.
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Introduction

With rising health care utilization and costs, a shift from disease oriented to
population based approaches is being advocated worldwide. With the upcoming
need for improved organization and management of healthcare and the increasing
possibilities of big data, strategies based on health registry analyses are becoming
popular. One use of health registry data in population health management strategies
is risk stratification. With risk stratification, differences in individual health risks can
be screened for, and used to assign interventions to the population and individuals
that will benefit the most. With rising pressure on medical services provided by
general practitioners (GPs) in most European countries (1), primary care can benefit
from proven advantages of risk stratification approaches, such as improved care
management (2), resource allocation (3) and identification of sub-populations for
tailored care interventions (4).

Despite the proven benefits of using risk stratification, especially in primary care,
there is no evidence for application of internationally used risk stratification tools in
Dutch primary care. Risk stratification approaches using Dutch GP registry data can
be especially beneficial due to the gatekeeper’s function of Dutch GPs, providing the
opportunity to overview a near total population.

Different tools for risk stratification are used worldwide, amongst which the Adjusted
Clinical Groups (ACG) tool developed by the Johns Hopkins University. The ACG system
is an internationally used tool for risk stratification on a generic level and is one of
the most frequently used risk stratification tools in primary care. Evidence has also
shown stronger statistical validity for the ACG compared with other risk stratification
tools, regarding predictions of different healthcare utilization outcomes (5-7).

The ACG system uses registered diagnoses over a twelve month period, to assign
individuals to one of 98 ACG categories, based on their healthcare profiles and
expected health utilization (8). ACG categories are based on combinations of
diagnoses types. Registered diagnoses processed by the ACG system, can include
the International Classification of Primary Care (ICPC) coded (9), a commonly used
registration method for diagnoses in primary care (10).

In this study we explored the potential use of Johns Hopkins University ACG System
in routine registration data extracted from Dutch primary care practices. The aim of

this study is to explore how well the ACG system, compared to the 17 chapters of
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the ICPC coding system, can distinguish between different levels of GP healthcare
utilization in Dutch general practice registries.

Methods

Study design and data

For this retrospective cross-sectional study, we used data from patients registered
with one of the five participating GP practices during the whole of 2014 in Nijkerk, the
Netherlands. Data for 30,596 patients over the year 2014extracted from the practices’
electronic health records.included age, gender, and coded healthcare procedures,
diagnoses and pharmaceutical data. Diagnoses were registered as ICPC-1 diagnoses
codes, as used in the Netherlands (11) and converted to ICPC-2 codes. Prescribed
medication was registered as Anatomical Therapeutic Chemical (ATC) codes (12),GP
visits were defined as all GP encounters, including physical and telephone consults and
home visits by either GPs or nurse practitioners working at the GP practices.

From the original datasets 4,289 cases were removed, due to corrupted patient
identification numbers. Another 2,689 cases belonging to three specific ACG
categories, were left out of the analyses: No Diagnosis or Only Unclassified Diagnosis
(n=281), Non-Users (n=2,407) and Invalid Age or Date of Birth (n=1). The final analyses
were performed with data for 23,618 persons (77% of 30,596 registered people).

Data preparation and analyses were performed with IBM SPSS Statistics 24.

ACG System software

We used the Johns Hopkins University's ACG® System software 11. The ACG® System
software 11is arisk stratification tool, assigning each patient to one of the 98 mutually
exclusive ACG categories. Assignment to ACG categories is based on combinations of
diagnoses types. With the ACG system the diagnoses for each patient are grouped
into 32 Aggregated Diagnosis Groups (ADGs), based on type of diagnoses rather than
on specificdiagnoses, i.e. specific ICPC codes. Individuals’ patterns of ADGs determine
the assignment of patients to one of the 98 mutually exclusive ACG categories (8).

Assessment of the ACG system

To assess the applicability of the ACG system in Dutch primary care, we looked at two
aspects: face validity and model performance.
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Face Validity

According to Mosier (13) animportant aspect of the testing of an instrument lies in the
‘consumer acceptance’. The first step in effective use of a test, is the actual selection
for use and acceptance of the results. Mosier describes one of the translations of
face validity as the appearance of validity: the test must appear valid in addition to
the statistical validity. In this study we defined face validity as this appearance of
validity described by Mosier (13).

We assessed the ACG system’s face validity by exploring the actual ACG categorization
with regard to age. Face validity was assessed on recognition of multimorbidity in
relation to age within ACG categories. The ACG categories are grouped according to
the number of ADGs: one, two to three, four to five, six to nine and lastly ten plus
ADGs.

Model Performance

To investigate the impact of the ACG system in Dutch primary care, four different
logistic regression models were estimated.

Dependent variable

The outcome variable, number of GP visits, was transformed into binary variables
according to four definitions. According to the first definition, no GP visits was defined
as no utilization of care, whereas one or more GP visits were defined as utilization
of care. With the second definition, a distinction between zero or one GP visit and
two or more GP visits was made. With the third definition, a distinction between
zero to two GP visits and three or more GP visits was made. Accordingly, for the final
definition the outcome was defined as a distinction between zero to three and four or

more GP visits. The performance of each of these models was investigated.

Independent variables

In the null or base model only age as a continuous variable and gender were included

as explanatory variables.

Model 1 included age, gender and ICPC chapters as independent variables. ICPC
diagnosis codes are divided into 17 different chapters including ‘General and

unspecified’, ‘Blood, blood forming organs, lymphatics, spleen’, ‘Digestive’, ‘Eye’,
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‘Ear’, ‘Circulatory’, ‘Musculoskeletal’, ‘Neurological’, ‘Psychological’, ‘Respiratory’,
‘Skin’, ‘Endocrine metabolic and nutritional’, ‘Urology’, ‘Pregnancy, childbirth, family
planning’, ‘Female genital system and breast’, ‘Male genital system’ and ‘Social
problems’. Different ICPC chapters can be registered to a single person. Therefore,
the ICPC chapters were added to the model as 17 different dummy variables.

Model 2 included age, gender and ADG diagnoses as independent variables. As an
individual can have more than one ADG, the 32 ADGs were added to the model as

32 dummy variables.

Model 3 included age, gender and mutually exclusive ACGs. Before estimating the
logistic regression, the numbers of individuals in each ACG category were checked.
Aggregation of some ACG categories was necessary due to categories with small
numbers of individuals. In supplementary table 1 the aggregation of the original ACG

categories is presented.

To select the best model, the performance of each logistic regression with outcome
variable as defined above, was investigated. The Area Under the Curve (AUC) values
were calculated for each model.

Ethics approval and patients’ consent

The need for ethical approval was waived by the medical ethical committee of Leiden
University Medical Center (CME - LUMC), the Netherlands.

Participants were not asked for their consent because we used routinely collected
de-identified data.

Results

Population characteristics

A total of 23,618 patients registered with a GP, were included in this study. 48.1% of
the patients was male. The mean age of the included patients was 41.8 years old with
a standard deviation of 22.2 years. 67.7% of the patients had at least one GP visit in
2014. The mean number of GP visits was 3.5 with a standard deviation of 5.0 and
the maximum number of GP visits was 92. In figure 1 the distribution of the number
of GP visits within the study population is presented. As expected, this is a skewed
distribution, where most of the population has had zero or one GP visits.
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Figure 1: Distribution of the number of general practitioner (GP) visits within the study population

Figure 2 shows the health problems within the study population according to the 17
chapters of the ICPC registry system. The percentages of the study population with
at least one diagnosis code corresponding to a specific ICPC chapter, are presented
in the figure. ICPC chapters Musculoskeletal (L), Respiratory (R) and Skin (S) had the
highest frequencies, with percentages between 43 and 49.

Face validity of ACG categorization

In figure 3 the distribution of age within each ACG category is presented with boxplots.
Each group of ACGs corresponds with a different color, red being the highest numbers
of ADGs. The figure shows that the number of ADGs gradually goes up with increasing
age. Mean ages of the ACG categories with only one ADG (green) are mostly under 30.
Exceptions are the ACG categories Chronic medical: Stable and Eye/Dental, which have
mean values above 50. The mean age of ACGs with two to three ADGs (yellow) is mostly
between 30 and 40, with the exception of ACG category Acute Minor and Chronic Medical:
Stable (mean age of 50+). For three out of four of the ACG categories with four to five ADGs,
the mean ages are between 50 and 62. However, the ACG category Acute Minor/Acute
Major/Likely Recur/Psychosocial has a mean age of under 40. The ACG categories with

57



Chapter 3

six to nine ADGs have a mean age of around 63, whereas the mean age of ACG categories
with ten or more ADGs is above 70. An extended overview of individuals from each ACG

category, distributed over 10 year age bands, is presented in supplementary table 2.

Z Social problems El
Y Male genital system E
X Female genital system and breast j
W Pregnancy, childbirth, family planning E
UUrology " 15,9% |
T Endocrine metabolic and nutritional jl

S Skin 43,0% |

R Respiratory 48,5% |

P Psychological 24,9% \

N Neurological 12,7%

L Musculoskeletal 48,8% |

K Circulatory 28,3% |

H Ear 18,3%
F Eye 15,2%

D Digestive 28,0% |

ood, blood forming organs, lymphatics, spleen 3,2]%

A General and unspecified 35,1% ]

0,0% 10,0% 20,0% 30,0% 40,0% 50,0% 60,0%
Frequency (%)

Figure 2: Overview of health problems within the study population according to the 17 main
chapters of the International Classification of Primary Care (ICPC) coding system. ICPC chapters
form the basis of the ICPC coding system.

Model performance

To investigate the model performances, where the outcome variable utilization of GP
was defined as discussed in the methods section, AUCs along with their confidence

intervals were computed.

Table 2 displays the model performances for each of the four different definitions of
the outcome GP utilization. As seen in the table, model 1 and 2 perform well with
AUC values between 0.79 and 0.85. They slightly perform better than model 3 with
AUC values between 0.77 and 0.83. All three models outperform the null model with
AUC values between 0.63 and 0.71. For all independent variables, odds ratios along

with their 95% confidence intervals, are shown in supplementary tables 3 to 5.
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10+ ADG Combinations, with/without Major ADGs - o o0 Immmm—
6-9 ADG Combinations, with/without Major ADGs —EEED— aama————
4-5 Other ADG Combinations, 1+ Major ADGs| @ROD—— L —/————
4-5 Other ADG Combinations, no Major ADGs—| — 00—/ }—
Acute Minor, Acute Major, Likely to Recur and Psychosocial | —— @/ }——— 00
Acute Minor, Acute Major, Likely to Recur and Eye/Dental R@O0O0——— I F—
2-3 Other ADG Combinations I
Acute Minor, Likely to Recur and Psychosocial | ——————F+————
Acute Minor, Acute Major and Likely to Recur |———— I — @ ——}——
Acute Minor and Psychosocial |——————}——
Acute Minor and Eye/Dental with/without Likely to Recur |+———1——  }—
Acute Minor and Chronic Medical: StablefP0—————T—F——
Acute Minor and Likely to Recur|———————F}———
Acute Minor and Acute Major {———@—F}—
Pregnancy— o —mEN—ODD
Preventive/Administrative-] —— 0 ———————————
Psychosocial, with Psych Unstable I
Psychosocial, without Psych Unstable | —F———}——
Eye/Denta| —1 I
Chronic Medical/Specialty, Stable—] @@© I
Chronic Medical/Specialty, Unstable-| @© I
Asthmg| — /33—
Likely to Recur| — 0 ————————
Acute Magjor|— F —/—}——

Acute Minor-{——— o
T T T T T
0 20 40 60 80 100
age

Figure 3: Age distribution per Adjusted Clinical Groups (ACG) category. ACG categories are a
collapsed version of the original ACGs. Colors (with the exception of the pink one) correspond
to the number of Aggregated Diagnostic Groups (ADGs): green=0ne ADG; pink=Pregnancy (all
numbers of ADGs); yellow=2-3 ADGs; orange=4-5 ADGs; red=6-9 ADGs; dark red=10+ ADGs.

Table 3: Model performances quantified by the Area Under the ROC Curve (AUC) values along
with the 95% confidence intervals (Cl)

Area Under the ROC Curve (95% Confidence Interval)
Outcome  Null model Model 1 Model 2 Model 3

Ovs.>=1 0.638(0.630-0.645) 0.787(0.781-0.793) 0.793(0.787-0.799) 0.774(0.768 - 0.780)
GPvisits

0-1vs.>=2 0.675(0.668-0.681) 0.816(0.810-0.821) 0.818(0.812-0.823) 0.799 (0.794 - 0.805)
GPvisits

0-2vs.>=3 0.693(0.686-0.700) 0.833(0.828-0.838) 0.832(0.828-0.837) 0.814(0.809-0.819)
GPuvisits

0-3vs.>=4 0.711(0.704-0.718) 0.848(0.842-0.853) 0.848(0.842-0.853)  0.829(0.824-0.834)
GPvisits

‘Outcome’ is based on the four definitions of the outcome general practice (GP) healthcare
utilization
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Discussion
The results of this study suggest that the ACG system can be applied to Dutch primary

care data, when regarding both face validity and model performance. With regard
to the face validity, it can be concluded that the assignment of ACG categories is as
expected: the ACG categories which indicate higher multimorbidity and thus higher
expected care burden, are found amongst older patients. With respect to model
performance, results showed that distinctions between the different levels of GP
healthcare utilization can be made with the ACG system. The ACG and ADG categories,
as well as the ICPC chapters (the commonly used primary care coding system), are
highly associated with GP utilization. However, the ACG system is at patient level
and provides a variety of other risk stratification variables, such as multimorbidity
measures, risks of hospitalization and high costs, making the use of the ACG as risk
stratification tool a good addition to the use of the ICPC coding system.

Comparison of the results of this study to previous research is challenging, as most
previous studies investigating the association of the ACG system with continuous
utilization outcome measures. Some previous studies were carried out on
dichotomous variables however and showed C-statistics and AUC values between
0.73 and 0.82 for the ACG as predictor for hospitalization (5, 6, 14). In addition,
the study by Haas et al. presented C-statistics of 0.67 for emergency department
visitation and 0.76 for top 10% healthcare costs (5).

Adding to the above mentioned studies, this study suggests that the ACG system
is applicable in primary care. Analyzing primary care data in such a manner is of
great importance for the understanding of efficiency of healthcare systems that
are under increased physical and financial pressure. A study by Sibley et al. showed
that administrative data can be used to determine morbidity burden, an important
indicator for future care utilization (15). Kristensen and colleagues assessed the use
of the ACG system as a morbidity based casemix adjustment system amongst type 2
diabetes patients in order to allocate resources according to degree of co-morbidity
(3). They stated that the Danish healthcare system, which is based on fee for service
incentives, would profit from a morbidity based casemix adjustment system. The
ACG has also proven to be effective for identifying inequities in healthcare utilization
by Shadmi et al. (7). Identifying inequities is the first step towards minimizing
unwarranted care gaps. With risk stratification tools such as the ACG, case finding
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for inclusion in population-level interventions can be performed in more health
systems worldwide. A study by Soto-Gordoa used risk stratification to select cases
for a patient-centered intervention for multimorbid patients with the goal to lower
hospitalization. The approach avoided nine percent of hospitalization when cases
were selected with the ACG tool (4).

With our study, a first step towards validation of the ACG system, a tool to shift
from disease oriented to population based approaches, is revealed for use in the
Netherlands. This is opening up a variety of opportunities to reorganize and manage
Dutch primary care in an efficient way.

Although the ACG seems an excellent tool to be used in the Netherlands, local
adjustment of the software is of eminent importance. A limitation of this study
might be the availability of only GP data (without, for example, hospital and
mental health care data), forcing us to restrict healthcare utilization outcomes to
GP visits, whereas healthcare utilization may be better defined as a total overview
of healthcare use. With our research we were not able to explore other types of
healthcare utilization, for example defined by total healthcare costs or more costly
types of healthcare utilization such as hospitalization and emergency department
visitation. Consequently, a full adjustment of the ACG system for use with Dutch data
was not possible yet. Further exploration of the ACG system with the use of different
data sources will follow.

Moreover, the quality of data needs to be considered. For this study, routine data
from GP registries were used. Risk stratification with routinely collected primary care
data is an easy and practical way to perform risk stratification on a large scale. Data
quality for risk stratification purposes can be improved and strengthened by linkage
with different data sources such as hospital and social care registries. The exclusion
of social data, such as ethnicity and underlying socio-economic variables, is another
limitation of this study. Ethnicity and even more the underlying socio-economic
aspect thereof, may have important aspects on patient’s health profiles. The addition
of social variables and thus more complete patient profiles are of added value in
risk stratification approaches. However, we were unable to include these data in our

models, as they were not available in the GP data.
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Policy implication

Even though the use of the ACG system typically recommends the use of both primary
care and hospital care data, this study shows that the ACG is very promising with the
use of solely primary care data, especially in a primary care system with mandatory
GP listing. With the possibility of applying risk stratification tools to such primary care
based healthcare systems, without the need to link data from different sectors, the
information security issues can be avoided. Patients’ personal information is already

available to GP’s for optimal caregiving purposes.

With addition of other data sources on individual patient’s level, regulations need to
be considered to allow the linkage of personal data. As the value of adding hospital
data is still to be explored, further research on both content-specific and regulatory

aspects is desirable.

Altogether, applications such as the ACG, are very promising for healthcare systems,
as their ability to predict future health utilization can be beneficial for person-
tailored health intervention strategies, such as screenings for care management
interventions, as well as local, regional or even nationwide healthcare management.

Further research

Before applying the ACG system in Dutch primary care, further research is required.
This study showed associations between just two components of the ACG system,
the ADG and ACG categories, and GP visitation. Risk scores, for example, for future
hospitalization and total healthcare costs were outside the scope of this study. To
justify the use of the ACG system as risk stratification tool in Dutch primary care,
studies validating the ACG risk scores should be conducted. In addition, the ACG

models need to be adjusted and improved for use with Dutch primary care data.

Conclusions

This study showed that the ACG is applicable as risk stratification tool in Dutch
primary care using routinely registered data from general practitioners’ registries.
The ACG system yields good results compared to the traditional ICPC classification.
Country specific adjustments in the classification and validation of specific risks are

necessary.
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Supplementary table 3: Odds Ratio with 95% confidence intervals for dependent variables in
model 1 with the second definition for GP utilization.

95% Confidence

Variables Odds Ratio 3
intervals

Lower Upper

Gender 0,925 0,861 0,994
Age 1,003 1,001 1,005
ICPC chapter A General and unspecified 1,42 1,33 1,516
ICPC chapter B Blood, blood forming organs, lymphatics, spleen 2,017 1,658 2,454
ICPC chapter D Digestive’ 1,836 1,706 1,975
ICPC chapter F Eye’ 1,324 1,206 1,454
ICPC chapter H Ear’ 1,453 1,338 1,578
ICPC chapter K Circulatory’ 2,701 2,48 2,942
ICPC chapter L Musculoskeletal’ 1,87 1,758 1,988
ICPC chapter N Neurological’ 1,713 1,55 1,893
ICPC chapter P Psychological’ 1,985 1,843 2,139
ICPC chapter R Respiratory’ 1,736 1,63 1,85
ICPC chapter S Skin’ 1,974 1,855 2,101
ICPC chapter T Endocrine metabolic and nutritional 2,466 2,245 2,709
ICPC chapter U Urology’ 1,759 1,597 1,938
ICPC chapter W Pregnancy, childbirth, family planning 1,886 1,701 2,091
ICPC chapter X Female genital system and breast 1,509 1,374 1,657
ICPC chapter Y Male genital system 1,619 1,406 1,864
ICPC chapter Z Social problems 2,624 2,241 3,073
Constant 0,123

Odds Ratio’s and Confidence Intervals of the variables in model 1 (including ICPC chapters) are
presented for outcome 2 (zero or one GP visit versus two or more GP visits).
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Supplementary table 4: Odds Ratio with 95% confidence intervals for dependent variables in

model 2 with the second definition for GP utilization.

Variables Description Odds Ratio 95%;."2275' ‘chance

Lower Upper
Gender 0,85 0,797 0,906
Age 1,008 1,006 1,01
ADGO1 Time Limited: Minor 1,489 1,382 1,605
ADGO02 Time Limited: Minor-Primary Infections 1,788 1,655 1,932
ADGO03 Time Limited: Major 1,273 0,918 1,764
ADGO04 Time Limited: Major-Primary Infections 1,817 1,468 2,249
ADGO05 Allergies 1,354 1,223 1,5
ADGO6 Asthma 1,677 1,479 1,902
ADGO7 Likely to Recur: Discrete 1,653 1,518 1,799
ADGO0S8 Likely to Recur: Discrete-Infections 1,566 1,426 1,72
ADGO09 Likely to Recur: Progressive 1,487 1,133 1,951
ADG10 Chronic Medical: Stable 2,881 2,66 3,12
ADG11 Chronic Medical: Unstable 1,921 1,723 2,143
ADG12 Chronic Specialty: Stable-Orthopedic 1,704 1,279 2,27
ADG13 Chronic Specialty: Stable-Ear,Nose,Throat 1,335 0,983 1,813
ADG14 Chronic Specialty: Stable-Eye 1,303 1,079 1,573
ADG16 Chronic Specialty: Unstable-Orthopedic 1,636 1,333 2,008
ADG17 Chronic Specialty: Unstable-Ear,Nose,Throat 0,708 0,417 1,203
ADG18 Chronic Specialty: Unstable-Eye 1,227 0,887 1,699
ADG20 Dermatologic 1,968 1,819 2,129
ADG21 Injuries/Adverse Effects: Minor 1,828 1,646 2,031
ADG22 Injuries/Adverse Effects: Major 1,416 1,235 1,625
ADG23 Psychosocial: Time Limited, Minor 2,335 2,044 2,668
ADG24 Psychosocial:Recurrent or Persistent,Stable 1,945 1,775 2,132
ADG25 Psychosocial:Recurrent or Persistent,Unstable 1,564 1,183 2,066
ADG26 Signs/Symptoms: Minor 1,877 1,766 1,996
ADG27 Signs/Symptoms: Uncertain 2,086 1,96 2,22
ADG28 Signs/Symptoms: Major 1,588 1,382 1,825
ADG29 Discretionary 1,523 1,358 1,709
ADG30 See and Reassure 1,99 1,72 2,303
ADG31 Prevention/Administrative 1,501 1,397 1,614
ADG32 Malignancy 1,515 1,276 1,798
ADG33 Pregnancy 1,605 1,351 1,907
ADG34 Dental 1,312 0,891 1,932
Constant 0,108

Odds Ratio’s and Confidence Intervals of the variables in model 2 (including ADGs) are presented

for outcome 2 (zero or one GP visit versus two or more GP visits).
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Supplementary table 5: Odds Ratio with 95% confidence intervals for dependent variables in
model 3 with the second definition for GP utilization.

Odds 95% Confidence

Variables Description Ratio intervals

Lower Upper

Gender 0,779 0,732 0,83
Age 1,009 1,007 1,011
ACG 300  Acute Minor (all ages)

ACG 400  Acute Major 0,933 0,761 1,143
ACG 500 Likely to Recur, w/o Allergies 0,851 0,691 1,048
ACG 600  Likely to Recur, with Allergies 0,559 0,372 0,84
ACG 700 Asthma 1,153 0,649 2,05
ACG 800  Chronic Medical, Unstable 1,287 0,835 1,985
ACG 900  Chronic Medical/Specialty, Stable 2,206 1,738 2,798
ACG 1100 Eye/Dental 0,124 0,017 0,911
ACG 1200 Chronic Specialty, Unstable 0,395 0,14 1,112
ACG 1300 Psychosocial, w/o Psych Unstable 1,382 1,038 1,84

ACG 1400 Psychosocial, with Psych Unstable, with or without 1,207 0,487 2,987
Psych Stable

ACG 1600 Preventive/Administrative 0,141 0,082 0,243

ACG 1711 Pregnancy: 0-1 ADGs, delivered 1,065 0,483 2,349

ACG 1712 Pregnancy: 0-1 ADGs, not delivered 0,323 0,099 1,057

ACG 1721 Pregnancy: 2+ ADGs, with or without Major ADGs, 9,108 7,067 11,739
delivered

ACG 1722  Pregnancy: 2+ ADGs, with or without Major ADGs, not 5,159 4,044 6,581
delivered

ACG 1800 Acute Minor and Acute Major 3,214 2,755 3,75

ACG 1900 Acute Minor and Likely to Recur, Age 1to 5 4,958 3,144 7,816

ACG 2100 Acute Minor and Likely to Recur, Age > 5, w/o Allergy 3,244 2,759 3,813
ACG 2200 Acute Minor and Likely to Recur, Age > 5, with Allergy 3,249 2,535 4,165
ACG 2300 Acute Minor and Chronic Medical: Stable 4,024 3,235 5,006
ACG 2400 Acute Minor and Eye/Dental 1,835 0,907 3,714

ACG 2500 Acute Minor and Psychosocial, with/without Psych 3,144 2,482 3,981
Stable/Unstable

ACG 2800 Acute Minor/Likely to Recur/Eye & Dental 2,806 2,303 3,418
ACG 3000 Acute Minor/Acute Major/Likely to Recur, Age 1to5 5,957 3,913 9,066
ACG 3100 Acute Minor/Acute Major/Likely to Recur, Age 6 to 11 6,406 4,48 9,16

ACG 3200 Acute Minor/Acute Major/Likely to Recur, Age > 11, 7,442 6,238 8,879
w/o Allergy

ACG 3300 Acute Minor/Acute Major/Likely to Recur, Age > 11, 6,738 5,083 8,931
with Allergy

72



Assessment of the ACG in Dutch primary care

Supplementary table 5: Continued

" "
Variables Description Odd.s 95/0. Confidence
Ratio intervals
Lower Upper

ACG 3500 Acute Minor/Likely to Recur/Psychosocial 7,892 6,112 10,19

ACG 3600 Acute Minor/Acute Major/Likely Recur/Eye & Dental 14,665 11,933 18,024

ACG 3700 Acute Minor/Acute Major/Likely Recur/Psychosocial 12,683 9,929 16,202

ACG 3800 2-3 Other ADG Combinations, Age < 18 3,131 2,529 3,875

ACG 3900 2-3 Other ADG Combinations, Males Age 18 to 34 3,395 2,591 4,448

ACG 4000 2-3 Other ADG Combinations, Females Age 18 to 34 5,346 3,944 7,247

ACG 4100 2-3 Other ADG Combinations, Age > 34 4,34 3,762 5,007

ACG 4210 4-5 Other ADG Combinations, Age < 18, no Major 6,971 5,289 9,187
ADGs

ACG 4220 4-5 Other ADG Combinations, Age < 18, 1+ Major 10,412 6,073 17,852
ADGs

ACG 4310 4-5 Other ADG Combinations, Age 18 to 44, no Major 10,637 8,422 13,435
ADGs

ACG 4320 4-5 Other ADG Combinations, Age 18 to 44, 1+ Major 7,881 5,954 10,432
ADGs

ACG 4410 4-5 Other ADG Combinations, Age > 44, no Major 11,398 9,367 13,869
ADGs

ACG 4420 4-5 Other ADG Combinations, Age > 44, 1+ Major 9,907 8,237 11,915
ADGs

ACG 4430 4-5 Other ADG Combinations, Age > 44, 2+ Major 11,045 8,035 15,181
ADGs

ACG 4510 6-9 Other ADG Combinations, with/without Major 29,765 25,175 35,192
ADGs

ACG 5030 10+ Other ADG Combinations, with/without Major 76,667 45,043 130,493
ADGs

Constant 0,195

Odds Ratio’s and Confidence Intervals of the variables in model 3 (including ACGs) are presented
for outcome 2 (zero or one GP visit versus two or more GP visits).
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Abstract

Introduction

The rise in healthcare costs, caused by older and more complex patient populations,
requires Population Health Management approaches including risk stratification.
With risk stratification, patients are assigned individual risk scores based on medical
records. These patient stratifications focus on future high costs and expensive care
utilization such as hospitalization, for which different models exist. With this study,
we validated the accuracy of risk prediction scores for future hospitalization and
high healthcare costs, calculated by the ACG’s risk stratification models, using Dutch
primary care health data registries. In addition, we aimed to adjust the US-based

predictive models for Dutch primary care.

Methods

The statistical validity of the existing models was assessed. In addition, the underlying
prediction models were trained on 95,262 patients’ data from de Zoetermeer region
and externally validated on data of 48,780 patients from Zeist, Nijkerk and Urk.
Information on age, sex, number of GP visits, International Classification of Primary
Care coded information on the diagnosis and Anatomical Therapeutic Chemical
Classification coded information on the prescribed medications, were incorporated
in the model. C-statistics were used to validate the discriminatory ability of the

models. Calibrating ability was assessed by visual inspection of calibration plots.

Results

Adjustment of the hospitalization model based on Dutch data improved C-statistics
from 0.69 to 0.75, whereas adjustment of the high-cost model improved C-statistics
from 0.78 to 0.85, indicating good discrimination of the models. The models also

showed good calibration.

Conclusion

In conclusion, the local adjustment of the ACG prediction models, show great
potential for use in Dutch primary care, in terms of prediction of future hospitalization
and high costs.
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Introduction

Multimorbidity is increasingly being recognized as the norm rather than the
exception, since patient populations are becoming older and more complex, and
patient information is becoming more complete. The increased complexity leads to
increased healthcare utilization. In particular, there is a rise in expensive care such
as hospital and emergency care, which has a major effect on healthcare costs. To
manage these rising health costs, approaches that focus on complete patients’ health
profiles are needed. Population Health Management is focusing on the coordination
of care delivery across specified sub-populations to improve the population’s
health and care utilization (1, 2). In addition, analysis of routine health registry
data is increasingly being used to provide a basis for proactive care interventions,
attempting to lower healthcare costs by reducing expensive and avoidable care such
as hospital admissions. Risk stratification, the assignment of individual risk scores to
patients based on registered health profiles, has proven to be an effective tool in the
provision of proactive care. A study by Freund et al successfully selected high risk
patients for care management programs, using risk stratification (3). Another study
has shown that efficient care management approaches using risk stratification have

led to reduced hospitalization rates (4).

A wide variety of risk stratification tools exist, with risk predictions for various health
and health utilization outcomes, such as the risk for future hospitalization, high
healthcare costs, emergency care utilization and even mortality. One of the most
frequently used risk stratification tools in primary care is the Johns Hopkins Adjusted
Clinical Groups (ACG) system (5), with proven efficacy for prediction of not only health
outcomes such as morbidity, but also of different types of future healthcare utilization,
such as hospitalization and emergency department visits, and future health costs (6).

Most risk stratification tools predominantly use hospital data, with and without primary
care data. However, patient’s privacy protection in Europe is complicating the linkage
of different health data sources. Performing risk stratification based on primary care
routine registry data, extracted from only one source in which essential information
from most other relevant sources is present, is a way to overcome the privacy challenge.
Evidence of the efficacy and accuracy of risk stratification approaches based on primary
care data, is still insufficient in the Netherlands. With this study, we aimed to validate
the accuracy of the ACG’s risk prediction scores for future hospitalization and high
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healthcare costs, using Dutch primary care health data registries as input data, and to
adjust the US based predictive models for Dutch primary care.

Methods

Design

This study had three aims: 1) assessment of two existing prediction models within
the ACG tool, which are based on US data, 2) adjustment of the prediction algorithms
towards Dutch primary care data and 3) assessment of the adjusted prediction

models.

Assessment of ACG’s fixed prediction models (based on US data)

The ACG system, developed by the Johns Hopkins University, includes many different
risk prediction models. With this study, two of those existing prediction models
were assessed: 1) the ‘hospitalization model’, estimating probabilities for becoming
hospitalized at least once in the following 12 months and 2) the ‘high cost model’,
estimating probabilities for being in the top 5% of the population with the highest
healthcare costs in the following 12 months.

The ACG models are existing models, based on years of research with US data. We
applied these two ACG models to retrospective Dutch primary care data, available in
general practitioners’ (GPs) electronic medical records. Subsequently, we assessed
model performances, using observed outcomes extracted from historic medical

specialty data.

Adjustment of the models, based on Dutch primary care data

In addition to the application and assessment of the fixed prediction models of the
ACG tool, we aimed to adjust the two prediction models to the Dutch situation.
Therefore, we produced logistic regression models for hospitalization and high-cost
with the same predictors used by the ACG, using retrospective data from a Dutch
primary care population, and adjusted the coefficients of those predictors.

Assessment of the adjusted models

To assess the performance of both the hospitalization and the high-cost model, we
investigated the discriminating and calibrating ability. The discriminating ability relates
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to how well a prediction model can distinguish those with the outcome from those
without, while the calibrating ability relates to the agreement between observed
and predicted values (7). The assessment was performed by externally validating the

models with retrospective data from a second Dutch primary care population.

Data and study population

For this study, we used data from GP enlisted patient populations in the Netherlands.
We used extractions of the GPs’ electronic medical records as input data for the
applied prediction models, and secondary care (hospital) data for the observed
outcomes of the models.

Assessment of ACG’s existing prediction models

To assess the ACG’s existing prediction models, the models were applied to historic
primary care data from 95,262 primary care patients within the Zoetermeer
region in the Netherlands. Data from January to December 2014, were extracted
from participating GPs’ electronic health records and were used as input data for
the prediction model. Information on age, sex, number of GP visits, International
Classification of Primary Care version 1 (ICPC-1) coded information on the diagnosis
and Anatomical Therapeutic Chemical Classification (ATC) coded information on
the prescribed medications, were incorporated in the model. We translated ICPC-1
codes, used in Dutch primary care, to the international ICPC-2 codes, required as
input for the ACG System. As ICPC-1 codes are sometimes more specific than ICPC-
2 codes, we have translated some ICPC-1 codes to International Classification of
Diseases 10™ revision (ICD-10) codes, a coding system that can also be recognized
by the ACG System, rather than to ICPC-2 codes. Translation was based on ICPC-1
and ICPC-2 differences described by Wonca International Classification Committee

(8) with additional expert opinions. (supplementary table 1)

The outcome variables for the prediction models were extracted from medical
specialty care records, available as microdata from Statistics Netherlands, the Dutch
Central Bureau for Statistics. Outcomes extracted from Statistics Netherlands’
microdata included information on hospitalization and reimbursed healthcare costs
from January to December 2015. In the Netherlands, healthcare costs are reimbursed
by health insurers based on mandatory basic health insurance law and only the costs

covered by the basic health insurance are included as healthcare costs for this study.
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As GP data from 2014 were used, patients were included when registered with one of
the participating GP practices for the complete year of 2014, but only when linkage
with the Statistics Netherlands database was possible (91.7% of the patients).

Data from the GP’s electronic health registries was linked to medical specialty data
by encryption of both datasets. To each individual a unique Record Identification
Number (RIN) was assigned, based on birth date, gender, and complete postal code.
The RINs were the used to link the GP data to the Statistics Netherlands’ microdata.

Adjustment of the models, based on Dutch primary care data

For the adjustment of the two US based prediction models, the same data and study
population were used as described in previous paragraphs.

Assessment of the adjusted models

To assess the adjusted prediction models, a second study population was used. The
study population of 48,780 patients from Zeist, Nijkerk and Urk was used to externally
validate the prediction models. Similar retrospective primary and secondary care
data were used as described previously.

Statistical Analysis

Firstly, the similarity between the two study populations was assessed. Continuous
variables have been tested with t-tests. In case of violation of the normality assumption,
a non-parametric test was used. For the categorical variables, chi-squared test was used.

Assessment of ACG’s existing prediction models

The ACG System US based hospitalization and high costs models were assessed on
model performance. Predicted values, generated by the ACG were compared to
the observed outcomes (described in the next section ‘Adjustment of the models’)
by calculation of C-statistics. C-statistics below 0.6 were taken to indicate poor
model performance, C-statistics between 0.6 and 0.7 to indicate sufficient model
performance and C-statistics above 0.7 indicate good model performance (9).

Adjustment of the models

To adjust the two prediction models to the Dutch primary care data, we used the
underlying logistic regressions for hospitalization and high healthcare costs. We
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estimated the logistic regressions using the first primary care population to find new
coefficients for the predictors, resulting in adjusted prediction models.

Dependent variables

The dependent variable for the first model was hospitalization in the second year.
Hospitalization in the second year was defined as being at least on hospital admission
in the period between January and December 2015 based on Statistic Netherlands

microdata.

The dependent variable for the second prediction model was high healthcare costs in
the next year. High healthcare costs in the next year was defined as being in the top
5% of highest healthcare costs within the population in the period between January

and December 2015, again based on Statistic Netherlands microdata.

Independent variables

Independent variables concern all variables of the ACG’s hospitalization and high
costs models, which were available in our Dutch data. Next to patients’ characteristics
such as age, sex and GP care utilization, independent variables included specific
diagnoses, types of diagnosis, burden of care categories and mutually exclusive
multimorbidity categories, which are based on complete diagnosis and medication

profiles of individual patients.

Assessment of the adjusted models

C-statistics were calculated to assess model performance regarding discrimination.
First, C-statistics were calculated for the prediction model estimated in the first
population, resulting in coefficients adjustments of the fixed AGC models. C-statistics
for those adjusted prediction models were compared to those of the existing US-
based ACG models. The adjusted models show improvement when C-statistics are
higher than those of the US-based ACG models.

Second, the adjusted prediction models were externally validated in a second study
population. Both discrimination and calibration were estimated. Calibration was
assessed by dividing the validation dataset populationinto deciles based on ascending
predicted values for the different outcomes. For each group the mean observed and
expected values were plotted in a calibration plot. Models with a 45-degree angle
plot (mean observed value equals mean expected value) are considered perfectly
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calibrated. Models below this reference line are overestimating, whereas models
above it are underestimating.

Privacy

Primary care patients were informed about the use of their data for research
purposes. Patients were given the opportunity to opt out.

Patient data were encrypted by Statistics Netherlands under strict rules to secure
individuals” privacy. Linkage and analyses of the data was performed within the
secured environment of Statistics Netherlands.

Results

Population Characteristics

In table 1 the differences for various characteristics between the two study
populations are shown. The two populations are comparable with respect to the
percentage of females within the population, the mean number of GP visits in 2014
and the percentage of people hospitalized in 2015. The mean age shows a difference

of one year between the two populations.

Table 1: Population characteristics; differences between the populations (Zoetermeer versus
Nijkerk + Urk + Zeist).

Total Zoetermeer Nijkerk, Urk, Zeist
population (n=95, 262) (n= 48, 780)
Mean age in years (SD) 39.5(22.2) 39.9 (22.0) 38.8(22.8)
Sex (% females) 50.9 51.4 50.0
Number of GP visits
<2 (n; %) 66, 643; 46,3% 41, 480; 43.5% 16, 834; 34.5%
>=2 (n; %) 77,399; 53,7% 53, 782; 56.5% 31, 946; 65.5%
Hospitalized in 2015 (%) 9.9 10.1 9.4
Median costs in 2015 €479,99 €531,18 €393,35

Statistical Assessment

Assessment of ACG’s existing prediction models (based on US data)

To assess the performance of the existing ACG models, which are based on US data,
we calculated C-statistics. The C-statistic for the ACG hospitalization model was
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0.69, suggesting a modest performance of the model. With a C-statistic of 0.78, the
discriminating ability of the high-cost model can be classified as good.

Adjustment of the models, based on Dutch primary care data

To adjust the models to the Dutch primary care setting, we first estimated and then
validated the logistic regression models, producing new prediction models. Figures 1
and 2 show the odds ratios along with the 95% confidence interval for the variables
included in respectively the hospitalization and high cost prediction models, arranged
from lowest (top) to highest (bottom). For the hospitalization model the ACG categories
for children under 18 years old with six to nine diagnoses types, amongst which at least
one was assigned as a major diagnosis and the ACG category for adults above 34, years
old, with six to nine diagnoses types, amongst which at least four were assigned as
major diagnoses, along with neurological/neuromuscular problems, female infertility
and pregnancy are the variables with the highest odds ratios ( >4).

With odds ratios above five, ACG categories for children under 18 years old with
four to nine diagnoses, with or without major diagnoses, along with conditions such
as female infertility, acute major viral infections, malignancies with high impact
and Multiple Sclerosis, all contribute highly to the high-cost model. In addition,
pregnancy, systemic inflammation with high impact, muscle spasms, chromosomal
anomalies, chronic kidney disease and the ACG category for males between 18 and
34 years old with six to nine diagnoses, amongst which two or more major ones, also

contribute highly to the model with odds ratios above four.

Assessment of the adjusted models

Discriminatory ability

To assess the discriminatory ability of the adjusted models, we compared the
C-statistics estimated for the model based on the Dutch data, to those for the US-
based models. Table 2 shows fairly high C-statistics for the US hospitalization and
high-cost models (0.69 (Cl 0.68, 0.70) and 0.78 (Cl 0.77, 0.79)). In addition, the Dutch
models both show improvements of discriminatory ability with C-statistics raising to
0.75 (C10.74, 0.75) for the hospitalization model and 0.85 (Cl 0.84, 0.85) for the high-
cost one. C-statistics for both Dutch adjusted models were similar for training and
validating datasets, suggesting a similar discriminating performance of the adjusted
models in an external study population.
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Figure 1: On the left: S-curve of the odds ratios including confidence intervals for the variables

included in the hospitalization model, arranged from highest (bottom) to lowest (top); on the

right: table zoomed in on the odds ratio’s above four.
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Figure 2: On the left: S-curve of the odds ratios including confidence intervals for the variables
included in the high cost model, arranged from highest (bottom) to lowest (top); on the right:
table zoomed in on the odds ratio’s above four.
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Table 2: C-statistics for hospitalization and high healthcare costs (top 5% highest healthcare costs)
models: fixed US model versus adjusted model based on Dutch data.

Hospitalization Model High Cost Model
C-statistics (95% Cl interval) C-statistics (95% Cl interval)
US-based model (training dataset)  0.689 (0.683, 0.695) 0.779 (0.772,0.786)
US-based model (validation dataset) 0.704 (0.695, 0.712) 0.793 (0.784, 0.803)
Dutch Model (training dataset) 0.748 (0.743, 0.753) 0.844 (0.838, 0.850)
Dutch Model (validation dataset) 0.756 (0.748, 0.763) 0.857 (0.849, 0.865)

Calibrating ability

The calibration plots of both the adjusted hospitalization model (figure 3) and the
high-cost model (figure 4) are located near the 45 degree reference line, indicating
that the calibrating ability of both models is good: the persons with higher predicted
values indeed have a higher chance of being hospitalized or generating higher

healthcare costs.
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Figure 3: Calibration plot hospitalization model (external validation)
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0,4

0,35

o
w

K=}
N
«

@ Calibration Plot

Linear (Reference line)

Mean observed values
o
- (<)
w N

K=}
=

o
o
vl

%

0 0,05 0,1 0,15 0,2 0,25 0,3 0,35 0,4
Mean predicted values

Figure 4: Calibration plot high healthcare costs / top 5% highest healthcare costs model (external
validation)

Discussion

With this study we have identified promising risk stratification tools to be used in
Dutch primary care. With the ACG tool applied on Dutch primary care data, model
performances for the US based models are 0.69 for the hospitalization model and
0.78 for the high-cost model. The ACG has already been proven to be an efficient
risk stratification tool in different countries with C-statistics between 0.73 and 0.82
for hospitalization risk and C-statistics of 0.76 for prediction of high healthcare
costs (10, 11, 12). This study suggests that the ACG’s can also be used properly in
the Netherlands, especially after adjustment of the model towards Dutch data.
Adjustment of the hospitalization model based on Dutch data improved C-statistics
to 0.75, upgrading the model’s performance. The high-cost model produced
C-statistics of 0.85 after adjustment, which is regarded as ‘very good’. Next to good
discriminatory ability, the models also showed good calibrating ability: the models
can discriminate well between low- and high-risk individuals and the predicted
values are in line with the observed ones. The models show excellent potential for
predicting high risk individuals within a Dutch primary care population.
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Good prediction models to identify future risk of hospitalization or high costs, can be
of great value for planning and organizing effective healthcare provision. Applying
such models in primary care, enables identification of high-risk patients at an early
stage, potentially resulting in pro-active care and proper allocation of resources. As
resources are getting scarce in most European countries, including the Netherlands,
approaches focusing on effective and efficient resource allocation are highly valuable.

Different studies have already shown the success of selecting appropriate patients for
specific interventions such as care management programs with the use of efficient
risk stratification tools (3). Subsequently, the effect of tailor-made approaches based
on patients’ individual risks has proven its value in reducing hospitalization and high
healthcare costs (4). Population Health Management approaches like those have the

capacity to keep healthcare costs under control.

This study has shown the high potential of the ACG’s adjusted risk models. However,
this study only focused on the ACG’s hospitalization and high costs model. The many
other risk models that are included in the ACG and other similar tools, all need to
be validated in the Netherlands before being used in practice. However, with the
validation of the hospitalization and high costs models, we expect that the other ACG
models will also perform well.

Secondly, to strengthen the models even more, the clinical validity of the predictorsin
the models, needs to be reassessed for a Dutch setting. A strong statistical association
with a predictor and the outcome does not necessarily establish the clinical meaning
of the predictor. Focus should be put on the association of the model predictors with
avoidable hospitalization and high costs. Involvement of health professionals in this

process is important.

In addition, as promising as the application of a risk stratification tool is, the strength
of a prediction model only reaches as far as the quality of the health registries. The
more primary care physicians realize the strengths of a registry of good quality,
the better routinely collected data can be used for risk stratification approaches.
Creating awareness amongst physicians is the first step in successful application of
risk stratification tools. Not only will awareness amongst healthcare professionals
lead to better registration, but it is also important for an efficient practical use of risk
stratification approaches in healthcare. To create awareness amongst professionals,
more evidence is needed of the effectiveness of risk stratification models. Intervention
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studies in which patients are selected for specific interventions with the use of risk
stratification models, will contribute to this.

In conclusion, the Dutch healthcare system might truly benefit from the use of risk
stratification models, especially when applied in an early stage of care provision such
as primary care. The ACG system provides a solid basis to measure multimorbidity

and local adjustments of the ACG’s models improve results.
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Supplementary material
Supplementary table 1: ICPC-1 translation to codes recognized by the ACG

ICPC-1 . ICPC2 Code usedin C0de Type
(Dutch Description ICPC-1 code (international used in
version) version) models models
A04.01 Chronisch vermoeidheidssyndroom AO4 FA80 ICD-10
A09.01 Nachtzweten A09 R619 ICD-10
A09.02 Gelokaliseerd overmatig zweten A09 R619 ICD-10
A17.00 A17 R688 ICD-10
A29.01 Hart- en vaatziekten in familie-anamnese A29 7824 ICD-10
A29.02 Mammacarcinoom in familie-anamnese A21 7803 ICD-10
A29.03 Ovariumcarcinoom in familie-anamnese - 7804 ICD-10
A29.04 Coloncarcinoom in familie-anamnese A21 7800 ICD-10
A29.05 Diabetes in familie-anamnese - 7833 ICD-10
A29.06 Hypercholesterolemie in familie-anamnese - 7834 ICD-10
A76.01 Exanthema subitum/zesde ziekte A76 B082 ICD-10
A76.02 Erythema infectiosum/vijfde ziekte A76 B083 ICD-10
A76.03 Hand-voet-mondziekte A76 B084 ICD-10
A78.05 Borreliose/Lyme A78 A692 ICD-10
A87.01 Leven met stoma A87 7934 ICD-10
A87.02 Status na transplantatie A87 7949 ICD-10
A88.01 Perniones A88 T68 ICD-10
A88.02 Zonnesteek A88 T670 ICD-10
A88.03 Reisziekte A88 T753 ICD-10
A89.01 Aanwezigheid pacemaker/interne defibrillator A89 2950 ICD-10
A90.01 Syndroom van Down A90 Q909 ICD-10
A91.05 Gestoorde glucosetolerantie - R730 ICD-10
A91.06 Subklinische hypothyreoidie - E02 ICD-10
A91.07 Subklinische hyperthyreoidie - E059 ICD-10
A96.01 Natuurlijke dood A96 R99 ICD-10
A96.02 Onnatuurlijke dood A96 R99 ICD-10
A97.02 Kinderwens = A97 ICPC-2
A99.01 Dragerschap met risico voor eigen persoon - 7229 ICD-10
A99.02 Dragerschap met risico voor nageslacht/omgeving - 2229 ICD-10
B72.02 Non-Hodgkin lymfoom B72 Cc819 ICD-10
B81.01 Foliumzuurdeficiéntie-anemie 4 B81 D529 ICD-10
B81.02 Vitamine B12-deficiéntie-anemie B81 D519 ICD-10
K49.01 Cardiovasculair risicomanagement (CVRM) K49 713.6 ICD-11
149.01 Valpreventie/ fractuurpreventie L49 R268 ICD-10
T90.01 Diabetes mellitus type 1 T89 E109 ICD-10
T90.02 Diabetes mellitus type 2 T90 E119 ICD-10

ICPC-1=International Classification of Primary Care version 1, used in Dutch primary care; ICPC-2=
International Classification of Primary Care version 2, internationally used; ICD-10 = International
Classification of Diseases 10th revision
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Chapter 5

Abstract

Objectives

To produce an efficient and practically implementable method, based on primary care
data exclusively, to identify patients with complex care needs who have problems in
several health domains and are experiencing a mismatch of care. The Johns Hopkins
ACG System was explored as a tool for identification, using its Aggregated Diagnosis

Group (ADG) categories.

Study Design

Retrospective cross-sectional study, using general practitioners’ electronic health

records, combined with hospital data.

Methods

A prediction model for patients with complex care needs was developed using a
primary care population of 105,345 individuals. Dependent variables in the model
included age, sex, and the 32 ADGs. The prediction model was externally validated
on 30,793 primary care patients. Discrimination and calibrations were assessed by
computing C statistics and by visual inspection of the calibration plot, respectively.

Results

Our model was able to discriminate very well between complex and noncomplex
patients (C statistic = 0.9; 95% Cl, 0.88-0.92), whereas the calibration plot suggests

that the model provides overestimates of complex patients.

Conclusions

With this study, the ACG System has proven to be a useful tool in the identification of
patients with complex care needs in primary care, opening up possibilities for tailored
interventions of care management for this complex group of patients. Utilizing ADGs,
the prediction model that we developed had a very good discriminatory ability to
identify those complex patients. However, the calibrating ability of the model still

needs improvement.
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Introduction

As populations age and the presence of multimorbid and complex patients becomes
the norm, the pressure on health systems, regarding workload as well as costs, is
immense (1). Single-disease management approaches are no longer sufficient to
meet the needs of an increasing number of complex patient groups, who need
care oriented toward their overall health (2). In addition, strategies distinguishing
different levels of complexity within a population are desirable. Population health
management (PHM) approaches aim to allocate available health resources to the
appropriate patient groups within the population. Risk stratification tools, such
as the widely used Johns Hopkins Adjusted Clinical Groups (ACG) system, play an
important role in the identification of specific patient groups for PHM, aiming to
identify subgroups in whom avoidable adverse health events could be prevented.
With predictive modeling, high-risk patients can be successfully selected for extensive

and proactive care management programs (3).

One group for whom it seems beneficial to set up a PHM approach, including risk
stratification, is that of patients with complex care needs, who have problems involving
multiple health domains and experience a mismatch of care offerings with their
needs. Often the consequence of this mismatch is high care utilization—in particular,
of expensive and undesirable care, such as emergency or unplanned care. This group
of patients was first described by Atul Gawande, MD, MPH, in his 2011 article in The
New Yorker, “The Hot Spotters”(4). For this group of patients, it would seem that a
multidisciplinary and personalized approach would be advantageous, but evidence for
the effectiveness of this kind of approach is still ambiguous(5). One of the reasons is the
incorrect assignment of patients to this intense but effective individualistic approach,
leading to a greater mismatch in care. Hence, the first step in providing those complex
patients with the appropriate necessary care is a practical and efficient identification of
the population who is most likely to benefit from the intervention.

Different methods to identify patients with complex care needs have been utilized
by different organizations, using various criteria and types of data sources. The
heterogeneity of high-cost patients, including patients with unpreventable costs,
makes a general identification based on claims data inefficient (6,7). A focus on
hospitalizations or emergency department (ED) use has proven to be more effective

(8). However, a complete profile of complex patients requires complete health profile
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data. In most health care systems, patient data are registered in fragmented silos
with significant data linkage challenges; a wide application of risk stratification tools,
based on complete patient profiles, is therefore limited. Clinically based predictive
models, using medication and diagnostic data, are especially efficient for prospectively
identifying candidates for care management programs (9). Especially in primary care led
health systems, in which primary care physicians function as gatekeepers, we have the
opportunity to look at more complete health profiles of patients, including medication
and diagnostic data, without linkage of data between silos. Unfortunately, despite this
great opportunity, evidence for validated risk stratification models to identify patients
with complex care needs in primary care is lacking.

Various validated models to map different levels of multimorbidity are available. As
multimorbidity plays animportant role in complex patients, the level of multimorbidity
is a useful tool, in conjunction with hospitalization and ED visits, in identifying these
patients. Strong evidence exists for the ACG System as a tool to determine care
burden or multimorbidity, as well as risks for hospitalization and ED utilization (10-
12). With this research, we explored the possibilities of the ACG System as a potential
tool to identify patients with complex care needs in primary care.

This study’s aim is to produce an identification method for patients with complex care
needs using primary care data in order to perform a PHM approach. Our goal was to
answer this research question: “Is a prediction model using the ACG risk stratification
tool to identify patients with complex care needs, defined as patients with problems
in multiple health domains and high acute hospital care, statistically valid for use in

primary care?”

Methods
Study Design and Study Population

This work was designed as a retrospective cross-sectional study. To identify patients
with complex care needs, a prediction model was developed and externally validated,
using 2 study populations from 2 different regions in the Netherlands. Population 1
(n =105,345) and population 2 (n = 30,793) were used as training and validation sets,
respectively. To ensure completeness of primary care data, patients were included only
if they were registered with a participating general practice for the complete period

from January 2016 until December 2016. As dates for registration and deregistration
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are unreliable within general practitioners’ electronic health records (EHRs), the period
of registration was established using reimbursed registration fees. For each registered
patient, a registration fee is reimbursed by the general practice each quarter. As
registration fees are recorded very well within the EHRs, patients were included only
when 4 registration fees for 2016 were reimbursed, indicating that the person was
registered with the general practice for the complete year. In supplementary table 1,
all registration fee codes nationally used in the Netherlands are presented. In addition,
patients were included only when linkage with the database of Statistics Netherlands,

the Dutch central bureau for statistics, was possible.

For ethical reasons, deceased patients were excluded from this study.

Data and Linkage

For this study, data from different data sources were linked anonymously at
the individual patient level. Data extracted from EHRs of participating general
practices included individuals’ general information and information on diagnoses
and medications from January to December 2016. Encryption of the EHR data was
performed by Statistics Netherlands under strict rules to secure individuals’ privacy. A
record identification number (RIN) was assigned to each individual based on birth date,
gender, and complete postal code. With the RINs, linkage of EHR data with Statistics
Netherlands’ microdata was made possible within the secured environment of Statistics
Netherlands. Microdata comprise different types of non—publicly available data on an
individual level. Under strict conditions, these microdata are accessible for statistical
and scientific research. For this study, we linked the encrypted EHR data to the number
of acute care visits extracted from the Dutch medical specialty information system,
available as microdata within the secured environment of Statistics Netherlands. Acute
care visits were defined as acute hospital care visits to the ED or to another hospital
department in which an emergency care practitioner was involved.

Definition of Patients With Complex Care Needs

Adapted from Gawande’s “The Hot Spotters” definition, 2 prerequisites were set to
define patients with complex care needs. The first prerequisite concerns having health
problems in at least 2 of 3 different health domains registered within primary care.
Problems relating to the chronic physical, the mental, and the social domains were
identified by selecting corresponding International Classification of Primary Care
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version 1 (ICPC-1) diagnosis codes within the EHR data. Supplementary table 1 gives an
overview of the ICPC-1 codes for all 3 domains. The second prerequisite concerns having
at least 2 acute care visits in a 12-month period (January-December 2016), considered
high acute care utilization. Acute care visits were identified from health care activity
codes within the medical specialty data set available as microdata. Health care activity
codes are used nationwide by health care insurers and providers. In supplementary

table 1, the specific codes corresponding with acute health care use are presented.

Statistical Analysis

To assess the ACG System as an identification method for patients with complex
care needs, we developed a prediction model by using logistic regression analysis
in the first study population, then externally validated the model in the second
study population. To investigate the similarity of both study populations, individuals’
characteristics were compared by using x* and independent t tests for categorical

and continuous variables, respectively.

Dependent variables

The dependent variable, or the outcome, in the logistic regression analysis was

whether or not a person was identified as a complex patient (as described above).

Independent variables

Aggregated Diagnosis Groups (ADGs), the ACG System’s categorization of diagnosis
types, were used as independent variables. ICPC-1 diagnosis codes are clustered
into 32 ADGs by the ACG software. All 32 ADGs, as well as sex and age categories,
were included as independent variables within the logistic regression model. Age
categories were based on ACG age categorization and clustered into 6 categories:
aged Oto 11 years, aged 12 to 34 years, aged 35 to 54 years, aged 55 to 69 years, aged
70 to 79 years, and aged 80 years or older.

Assessment of the model

The prediction model was assessed on both discriminatory and calibrating ability.
To assess the discriminatory ability of the model, C statistic values were calculated
in both the training and validation data sets. Values below 0.6 were considered

poor; between 0.6 and 0.7, sufficient; between 0.7 and 0.8, good; between 0.8 and
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0.9, very good; and above 0.9, excellent (13). The calibrating ability of the model
was assessed by dividing the validation data set population into deciles based on
ascending predicted values for being a complex patient. For each group, the mean
observed and expected values were plotted against each other in the calibration plot.
Models with a 45-degree angle plot (mean observed value equals mean expected
value) were considered perfectly calibrated. Models below this reference line are

overestimating, whereas models above it are underestimating.

Results

Population Characteristics

Population characteristics were compared for both the training and validation data
sets. Table 1 shows the differences in population characteristics between the 2 data
sets. The 2 study populations had comparable mean ages of 40.8 and 40.6 years,
respectively. The percentage of women was 51.4% and 50.1%, respectively, and the
percentage of complex patients was comparable in both data sets at 0.9% and 0.8%.

Table 1: Patient Characteristics Compared Between the 2 Populations Used for the Prediction Models

Population 1 Population 2
(n =105,345) (n=30,793)

Age in years, mean 40.8 40.6 <.001
Sex, % women 51.4 50.1 <.001
Complex patients, % 0.9 0.8 .072
Acute care visits, mean number 0.16 0.10 <.001
>2 acute care visits, % 2.7 1.6 <.001
Health domains, %

Chronic physical 39.8 46.8 <.001
Social 10.9 20.2 <.001
Mental 26.6 40.6 <.001
Common conditions, %

Depression 8.5 10.3 <.001
Diabetes 6.7 5.9 <.001
Hypertension 20.1 20.3 422
Ischemic heart disease 2.5 3.6 <.001
Asthma 11.5 13.5 <.001
Chronic obstructive pulmonary disease 3.1 2.8 .003

Population 1 is the training data set; population 2 is the validation data set; for comparison, x?
tests for categorical and independent t tests for continuous variables were performed.
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The percentage of individuals with at least 2 acute care visits in 1 year was lower
in the validation data set than in the training data set: 1.6% vs 2.7%. There were
more health problems observed in the validation data set. Somatic chronic diseases
were more prevalent in the validation data set, at 46.8% compared with 39.8%. In
addition, a higher prevalence was found of psychiatric health problems (40.6% vs
26.6%) and of social health problems (20.2% vs 10.9%). Common conditions such
as depression, diabetes, hypertension, ischemic heart disease, asthma, and chronic
obstructive pulmonary disease were comparably prevalent in both populations.

Model Performance
Odds ratios

Figure 1 provides an overview of the odds ratios (ORs) for each variable in the model.
Supplementary table 2 gives additional information about the ORs along with their
95% Cls.

Age and sex were not statistically significantly associated with the outcome. The
following main predictors were identified: ADG categories chronic medical, stable
(OR, 2.78; 95% Cl, 2.35-3.29) and chronic medical, unstable (OR, 2.89; 95% Cl,
2.49-3.35); stable psychosocial ADGs (OR, 3.36; 95% Cl, 2.92-3.86); and unstable
psychosocial ADGs (OR, 2.95; 95% Cl, 2.33-3.73). In addition to the chronic medical
and the psychosocial ADGs, the 3 ADGs time limited: major (OR, 2.37; 95% ClI,
1.73-3.25), injuries/adverse effects: major (OR, 2.30; 95% Cl, 1.89-2.79), and signs/
symptoms: uncertain (OR, 2.95; 95% Cl, 2.50-3.49) were also highly associated with
the outcome.

Discriminatory ability

The discriminatory ability of the prediction model for identifying complex patients
was assessed by calculation of C statistics. The C statistics, estimated for the training

and validation data sets, are presented in table 2.

Calibrating ability
Figure 2 shows the calibrating ability of the prediction model. The model is

overestimating, meaning that it is identifying more complex patients than were
observed in the study population. In supplementary table 3, the observed number of
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complex patients, mean expected values, and standard errors are presented for each
decile of population 2.

Age 12-34 —_——————

Age 35-54 ——————

Age 55-69 ——————i

Age 70-79 —_——————
Age 80+ —_———————————

Sex (M=1) —e—i

Time Limited: Minor —e—
Time Limited: Minor-Primary Infections —e—

Time Limited: Major

Time Limited: Major-Primary Infections I — e
Allergies ——
Asthma —_—————
Likely to Recur: Discrete —e—i
Likely to Recur: Discrete-Infections —e—
Likely to Recur: Progressive L — ]
Chronic Medical: Stable —_——————i
Chronic Medical: Unstable —_———————
Chronic Specialty: Stable-Orthopedic —_——————
Chronic Specialty: Stable-Ear,Nose, Throat —
Chronic Specialty: Stable-Eye ————i
Chronic Specialty: Unstable-Orthopedic —————

Chronic Specialty: Unstable-Ear,Nose, Throat

Chronic Specialty: Unstable-Eye

Dermatologic —e—i
Injuries/Adverse Effects: Minor —e———i
Injuries/Adverse Effects: Major —_———————i
Psychosocial: Time Limited, Minor [ ———1
Psychosocial:Recurrent or Persistent,Stable —_————————

Psychosocial:Recurrent or Persistent,Unstable

Signs/Symptoms: Minor —e—
Signs/Symptoms: Uncertain —_——
Signs/Symptoms: Major ————f
Discretionary ———————i
See and Reassure ————i
Prevention/Administrative e

Malignancy —_———————

Pregnancy

Dental

0,5 1 1,5 2 2,5 3 3,5 4
Odds Ratios

Figure 1: Estimated Odds Ratios and Their 95% Confidence Intervals. Variables include Aggregated
Diagnosis Groups, a categorization of diagnosis types by the Johns Hopkins ACG System.
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Table 2: Performance of Prediction Model for Being a Complex Patient

C statistic 95% CI
Training data set 0.913 0.905 - 0.920
Validation data set 0.899 0.882-0.915

Calibration Plot
0,14
0,12
0,1
0,08
0,06 { ® Calibration Plot

0,04 Linear (Reference line)

Mean observed values

0,02
®

0 0,02 004 006 0,08 01 012 014
Mean predicted values

Figure 2: Calibration Plot: Observed vs Predicted Values (estimated by the prediction model for
being a complex patient)

Discussion

With this study, we have developed a predictive model for patients with complex care
needs. Although a good discriminatory performance is shown, the calibrating ability
is modest because more complex patients were identified based on the predicted
values than were observed. This study confirms results of previous studies, showing
that the ACG System ADGs form a good tool to describe and determine the level of
multimorbidity (14,15), which plays an important role in describing complex patient
groups. With the highest weightings in the model for stable psychosocial problems,
the proven prevalence of psychosocial conditions among our group of complex
patients (16) is taken into account. Stable and unstable chronic medical problems and
unstable psychosocial problems are strongly associated with the outcome. Following
chronic medical and psychosocial problems, uncertain signs or symptoms also had a

high predictive effect on being a complex patient.
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In our study, a statistics-based quantitative tool was found to identify patients
with complex care needs. As our model is overestimating complex patients, this
tool based on routinely collected data should be used as a first screening method.
Additional qualitative screening of identified complex patients is of great importance
to select the right subpopulation for interventions. Additional qualitative screening
also allows for distinction between patients with high care needs that can be avoided
with proactive care, and patients in whom high care needs cannot be avoided. As our
model was not built to distinguish between avoidable and unavoidable emergency
care, this addition of qualitative screening is of great importance. It is therefore
recommended, to investigate the practical use of our identification method,
intervention studies with complex patients identified with our screening method

should follow.

Further, high-quality registration is a necessary condition to be able to use complete
health records for the identification of complex patients. Results of this study show that
the prevalence of registered somatic chronic problems, as well as psychiatric and social
health problems, differed between both study populations. These differences may
have been due to dissimilar registration policies rather than differences in prevalence.
For efficient and practical PHM approaches using data-driven identification methods to
designate resources to the patient groups in which they will be most beneficial, good
quality of registration is important. Once practitioners realize that registry data can
be used for producing prediction models that are helpful in practice, improvement of
registration habits is expected. In addition to the differences between the two study
populations, the prevalence of social problems seemed lower than expected. As studies
have shown that complex patients are more likely to have underlying social problems,
such as low income, living alone, living in a deprived area, and being less likely to own
a home (17-19), alongside chronic and psychosocial problems, the registration of social
problems in primary care should be emphasized and stimulated. Alternatively, the
identification of vulnerable and complex patient groups may be improved by creating
access to social data sources. However, most risk stratification tools such as the ACG
System do not currently include social data, as it is less routinely collected. In addition,
linkage of social data to primary care data still entails significant information security

and legal issues.

An accurate identification of complex patients in primary care can be of great value
to health care systems. Not only can early identification and intervention prevent
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deterioration of patients’ health, but health resources can also be put towards groups
of patients who will benefit most from them. As general practitioners” workload
is increasing, resulting in rising pressures on them in most European countries
(20), allocation of available resources in primary care is of utmost importance. In
situations in which different types of health care data can easily be combined, such
as in integrated and managed care organizations, more complete profiles of patients
can be used to allocate resources to the patient groups for whom they will be most
beneficial. Risk stratification approaches to identify subpopulations have proven
valuable in forms of both tailored care interventions and improved care management
(21,22). Effective PHM interventions following identification of complex groups of
patients may lead to improved health outcomes, not only for these complex groups,
but for the whole population.

Limitations

This research is based on a definition of complex patients that is principally composed
of biomedical characteristics. As social determinants are underrepresented in primary
care registration, defining complex patients was mostly limited to the somatic physical
and psychiatric diagnoses of patients. Although we believe that we have identified
a group of complex patients with unmet health needs, the social health burden is
most likely to be under recorded. This may have caused our selected population of
complex patients (outcome) to ignore other important groups of patients. As our
PHM approach using primary care data is a holistic approach, the biomedical focus

of registry systems may still cause important gaps in patients’ complete care profiles.

Further, the age categories used in this study are broad. We explored the use of
smaller age categories (eg, 5-year age bands) and the use of age as a continuous
variable, but age did not contribute statistically significantly to the identification of
patients with complex care needs adjusting for other factors.

Lastly, by selecting people registered with one of the participating general practices for
a period of 12 months, people born within this 12-month period were excluded from
this study. However, there are very few infants who would meet our requirements to

be classified as a patient with complex care needs according to our definition.

Conclusions
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Using broad morbidity groups of diagnoses or comorbidities (such as ADGs) seems
to be an effective approach to identify complex patients in primary care. Risk
stratification tools are key methods in putting available registry data to good use
to identify complex patient groups. In addition to biomedical health determinants,
social determinants play an important role in the identification of complex patients.
Effective identification of complex patients in primary care can result in appropriate
and proactive care management for this group of patients, benefiting the total

primary care population.
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Supplementary Material

Supplementary table 1: Overview of specific codes corresponding with different health domains

and acute healthcare use:

Characteristic Coding system

Specific codes

Diagnoses in the International

A28, A79, A90, B28, B72, B73, B74, B78, B79,

chronic physical Classification for Primary B83, B90, D28, D74, D75, D76, D77, D81,

domain Care, version 1 (ICPC-1)

Diagnoses in the ICPC-1
mental domain

Diagnoses in the social ICPC-1

D92, D94, D97, F28, F81, F83, F84, F91, F93,
F94, H28, H80, H83, H84, H85, H86, K28, K73,
K74, K76, K77, K82, K86, K87, K90, K91, K92,
L28, L82, L84, L85, L88, L89, L0, L91, LS5,
L98, N28, N70, N74, N85, N86, N87, N88,
R28, R84, R85, R89, R91, R95, R96, S28, S77,
S81, S83, S87, 591, 128, T71, T78, T80, T81,
T86, T90, T92, T93, U28, U75, U76, U77, U85,
U88, W28, W72, W76, X28, X75, X76, X77,
X83, X88, Y28, Y77,Y78, Y82, Y84

P01, P02, P02.01, PO3 to PO6, PO9, P10,
P10.01, P10.02, P11, P15 to P19.02 (not P17),
P20, P21, P22, P23, P24, P25, P27, P28,P29,
P70 to P77.02, P78, P79 to P80.01, P80.02, P
85, P98, P99, P99.01, TO6 to T06.02.

201 to 229

domain
Acute healthcare Dutch healthcare 190060/190013 in combination with
utilization activities coding system emergency physician, 190015, 190016

For the three health domains, ICPC-1 codes corresponding to the three health domains including
the chronic physical, the mental and the social health domain, are presented. For acute healthcare
utilization, specific healthcare activity codes are presented
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Supplementary table 2: Odds ratios, including the 95% confidence intervals, for all in the model
included independent variables

Odds Ratio 95% Confidence interval
Lower bound Upper bound
Age 12-34 year 1.107 0.765 1.602
Age 35-54 year 1.168 0.814 1.676
Age 55-69 year 0.936 0.645 1.359
Age 70-79 year 1.242 0.837 1.844
Age 80+ year 1.090 0.707 1.680
Sex (M=1) 1.047 0.905 1.211
1 Time Limited: Minor 0.918 0.779 1.082
2 Time Limited: Minor-Primary Infections 1.296 1.117 1.503
3 Time Limited: Major 2.372 1.730 3.254
4 Time Limited: Major-Primary Infections 1.247 0.837 1.859
5 Allergies 0.894 0.718 1.113
6 Asthma 1.783 1.467 2.167
7 Likely to Recur: Discrete 1.028 0.884 1.194
8 Likely to Recur: Discrete-Infections 1.276 1.071 1.520
9 Likely to Recur: Progressive 1.907 1.512 2.406
10 Chronic Medical: Stable 2.778 2.348 3.286
11 Chronic Medical: Unstable 2.886 2.485 3.352
12 Chronic Specialty: Stable-Orthopedic 1.080 0.789 1.477
13 Chronic Specialty: Stable-Ear, Nose, Throat 1.154 0.863 1.544
14 Chronic Specialty: Stable-Eye 1.324 1.062 1.650
16 Chronic Specialty: Unstable-Orthopedic 1.191 0.900 1.574
17 Chronic Specialty: Unstable-Ear, Nose, Throat 1.327 0.520 3.385
18 Chronic Specialty: Unstable-Eye 1.576 1.070 2.321
20 Dermatologic 0.731 0.607 0.879
21 Injuries/Adverse Effects: Minor 1.975 1.696 2.300
22 Injuries/Adverse Effects: Major 2.299 1.894 2.790
23 Psychosocial: Time Limited, Minor 1.741 1.462 2.073
24 Psychosocial: Recurrent or Persistent, Stable 3.358 2.919 3.863
25 Psychosocial: Recurrent or Persistent, Unstable  2.946 2.326 3.730
26 Signs/Symptoms: Minor 1.628 1.396 1.899
27 Signs/Symptoms: Uncertain 2.951 2.495 3.490
28 Signs/Symptoms: Major 1.913 1.646 2.224
29 Discretionary 1.755 1.447 2.128
30 See and Reassure 1.177 0.955 1.449
31 Prevention/Administrative 1.150 0.974 1.357
32 Malignancy 1.627 1.295 2.043
33 Pregnancy 1.586 1.114 2.259
34 Dental 1.406 0.836 2.364

Dependent variables include age categories, sex and 32 Aggregated Diagnosis Groups from the
Johns Hopkins Adjusted Clinical Groups system. (Aggregated Diagnosis Groups are an aggregation
of the International Classification of Primary Care diagnosis codes.)
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Supplementary table 3: Summary statistics of the ten deciles of the population on which the
calibration plot is based

Total n per Number of complex Mean observed Mean predicted Standard
group patients values values Error
3291 0 0,000 0,001 0,000
2879 0 0,000 0,001 0,000
3062 0 0,000 0,001 0,000
3086 3 0,001 0,002 0,001
3073 4 0,001 0,003 0,001
3086 7 0,002 0,004 0,001
3080 15 0,005 0,006 0,001
3079 11 0,004 0,011 0,001
3081 44 0,014 0,025 0,002
3077 174 0,057 0,124 0,004
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Chapter 6

The objective of this thesis was to find a risk stratification tool that can be used
in Dutch primary care covering total primary care populations and answering the
research question ‘What risk stratification tool is most suitable for Dutch primary care
and how can this tool be used appropriately using Dutch routine primary care data?’
In our studies we identified a risk stratification tool to be used in Dutch primary care.
In addition, we added recommendations to improve the tool according to the Dutch

primary care setting.

From our systematic literature review, the ACG had proven to be not only the most
frequently used risk stratification model in primary care, but also the most accurate
model to predict different types of both current and future healthcare utilization.
Our findings have confirmed these results in the Dutch primary care context.
With our pilot study, the ACG has shown great promise to identify different levels
of multimorbidity and burden of healthcare in the Dutch primary care (general
practice) setting. Models using the ACG’s diagnosis and multimorbidity categories,
the ADGs and ACGs respectively, perform well in predicting the amount of GP visits.
In addition, the ACG models for predicting future hospitalization and high costs
showed good performances in terms of discrimination and calibration properties.
When adapting the models to fit the Dutch primary care data by adjusting the
coefficients of the underlying predictors, model performances even improved. The
ACG is also an appropriate tool to identify complex patients with problems in multiple
health domains. With these results, the ACG has proven to be a well performing
risk stratification tool that can be effectively used in Dutch primary care, predicting
healthcare utilization in the form of GP visits, future hospitalization and future high

healthcare costs.

Methodological improvements of the models

Focusing on specific aspects to improve the models for use in Dutch primary care, we
can enhance to the already highly performing models. Two important methodological
aspects need to be considered for further optimizing the models for risk stratification
purposes. Firstly, the clinical validity of the predictors underlying the models, needs
to be investigated. Although the statistical validity of the models has been assessed
with this research, the predictors are based on US data. The predictor ‘pregnancy’
for example is a contributing factor for both hospitalization and the high costs risk,

with ORs greater than four. However, the inclusion of pregnancy within the models
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is based on the US context where pregnancy may pose much greater risk than in
the Netherlands. Therefor the clinical significance of the underlying predictors needs
to be validated for the Dutch setting, as clinical characteristics may have different
importance in various countries. We recommend the use of focus groups and Delphi
studies which include local clinicians to dive deeper into the clinical validity of the
underlying predictors of the risk stratification models.

Secondly, enriching the data by adding diagnostic measurements such as laboratory
values, may be interesting to include in the models and further research to investigate
the added value is needed. The ACG software has recently been updated to include
diagnostic measurements, which were not included in this study. This could be
considered for further optimization of the Dutch version of the models. However, a
balance should be struck between putting more effort into predicting more precisely
based on more biomedical data and focusing on improving predictions based on

contextual data, broadening the holistic profile of patients.

Why risk stratification in primary care?

The focus of this study is on risk stratification specifically performed in the primary
care setting. My assertation is that performing risk stratification in primary care is
beneficial to the whole healthcare continuum and can improve the health of the total
population, because it can be used as the basis for further targeting interventions.
By using primary care data to identify patients at risk for high healthcare utilization,
such as high numbers of GP visits, hospitalization and high healthcare costs, high
risk patients can be detected at an early stage and appropriate interventions can be
provided proactively. Using risk stratification in primary care is therefore beneficial
for the total population, especially in countries where primary care functions as
the gatekeeper for specialty care. The fact that in such countries, the majority of
the population is registered with a GP, makes it even more promising to use risk
stratification in primary care. With almost complete profiles of patients available
in primary care registries, which cover nearly the total population, these data are
very valuable for PHM purposes. When moving risk stratification to secondary care,
the chance exists of providing care too late in the care continuum with the risk of
providing care in a reactive rather than proactive manner.

Another reason why risk stratification in primary care gives excellent opportunities
for improvement of healthcare, is the enormous pressure currently put on
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primary care especially in Western countries. Due to the diminishing workforce
and increasing complexity of patients, GPs find themselves overloaded with work,
overwhelmed and even burned out, resulting in degradation of healthcare quality
(1-4). Broadening the tasks of GPs (4), for example with increased policies to move
more care from specialists towards primary care, is increasing this burden. With
efficient use of available resources and time, approaches to ease the rising pressure
on GPs are possible. The ACG algorithm has a large numbers of predictors, that can
be applied for management of care provision and planning. In addition, with the use
of risk stratification, referrals to specialty care can be coordinated and managed in a
more efficient and effective manner. A clear distinction between patients that can be
treated in primary care and patients that need referrals to specialty care can be made
using patients’ profiles based on registered data.

First steps to be taken: creating a ‘fertile’ environment

However, to effectively take advantage of the benefits of risk stratification in primary
care, healthcare professionals need to collaborate and be aware of the direct and
indirect benefits of risk stratification. In the Netherlands, the typical GP is not yet
been convinced of these benefits. This has also been encountered within this study:
participating GPs were not ready to continue with the risk stratification-based project
that was part of this dissertation, since they were not yet convinced of how this form
of risk stratification would benefit their personal caregiving.

Awareness and trust in the models need to be created amongst healthcare
professionals. A study by Wagner et al. showed that for healthcare professionals to
feel at ease using risk stratification algorithms, considerations such as trust in the
algorithms play a strong role (5). Healthcare professionals need to be convinced
that the already established algorithm is specific enough to the practice’s patient
population in order to feel at ease using such a model (5). During our study, we
have tried to create trust amongst healthcare professionals, in particular GPs, by
statistically validating specific risk stratification algorithms. However, during the
project, we have observed that the participating GPs are not convinced of the added
value of the algorithms to benefit their specific patient populations. Adjusting the
algorithms with input of healthcare professionals can create more trust. Wagner
and colleagues showed that healthcare professionals that didn’t trust existing risk
stratification algorithms enough to benefit their patient population, were still positive
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towards performing risk stratification by using their own criteria for risk stratification
(5). Another way to create trust amongst healthcare professionals towards already
existing risk stratification algorithms is to prove the added value of the algorithms
for their patient populations and show the benefits of interventions using risk
stratification tools in Dutch primary care. Selecting the right patients for specific
interventions by using risk stratification strategies in primary care and proving the
effects on GPs’ workload and the health of their patient populations, can show the
benefits for healthcare professionals and their practices as a whole, creating a solid
support base for risk stratification based-approaches. An example of the benefits of
using risk stratification is shown by a study by Hewner et al., where risk stratification
was used to appoint cohorts of patients with high risk of hospitalization (6). With
targeted case management these patients received appropriate care in order to avoid
unnecessary hospitalizations (6), resulting in increased health of the population.
A first attempt to investigate the benefits of risk stratification by selecting specific
patients for interventions, has already been set into action in Dutch primary care.
One of the algorithms resulting from this study, the algorithm to identify complex
patients with the use of the ACG software, will be used to select patients for an
intervention study. Complex patients, the so called ‘hotspotters’, will be selected for a
proactive integrated care approach in different general practices in the Netherlands.
The effects of the intervention on the health and care needs of the participating
patients as well as the cost-effectiveness of the approach will be measured.

Next to trust in the algorithms, Wagner and colleagues found that practical
implementation of risk stratification models is another key consideration to
determine practices’ attitudes towards risk stratification. Practical implementation
requires the availability of technical skills and consistent information systems, but
also the assistance to generate user friendly reports that healthcare professionals
can use during their consultations. (5) Within our study, we have successfully
implemented risk stratification algorithms using the available information systems.
However, we observed differences in available technical skills between practices. We
also encountered the disadvantages of practices not getting the right assistance in
generating user friendly information and the algorithm software not then aligning
with their workflow. These are aspects that result in hesitation and skepticism of GPs
towards the use of these risk stratification algorithms. Attention needs to be paid to
these considerations regarding practical implementation alongside the creation of

trust among healthcare professionals.
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As it is important to generate holistic patient profiles, integration of information
systems would be beneficial. This requires the addition of stakeholders other than
GPs, either within or outside the health sector. However, persuasion of other
stakeholders is of immense importance for other reasons too. Once stakeholders
such as insurance companies, health policy makers and municipal authorities, realize
the benefits of risk stratification in primary care, support for implementation can
be reached on national, regional, and local governance level, promoting integration
between these different parties. In the UK where the National Health Service
functions as the overarching government-funded institute that organizes healthcare
nationally, this integration of care is a key policy at national level. In the United States,
different stakeholders are bundled into Accountable Care Organizations (ACOs) in
order to coordinate care for patients in a more efficient way, and in Germany the
integrated care provision in the Gesundes Kinzigtal approach yields great results (7).
The use of data for risk stratification purposes resulting in efficient provision of care
is made much easier when care is more integrated for example in situations such as
the UK, Gesundes Kinzigtal and the ACOs in the US. It goes without saying that GPs
need to stay included. With the responsibility of the health of their own population,
trust and awareness amongst GPs is needed in order for them to engage with other

stakeholders towards more integration of care.

As financial benefits are most appealing for the different stakeholders, the beneficial
financial implications of risk stratification should also be considered in above
mentioned intervention studies in order to convince payers of a return on investment.
Although decreases in expensive healthcare utilization, such as hospitalizations, as
a result of risk stratification approaches have already been proven internationally
(6, 8), evidence within Dutch primary care is still needed. A great example of a
successful effort that has been made in the Netherlands is the Lung care program
that has been set up in Nijkerk (9). Using the available data, patients with Chronic
pulmonary obstructive disease (COPD) are risk stratified in order to provide efficient
care. This was done in a collaborative setting, including healthcare professionals
such as GPs and respiratory specialists, social care and voluntary organizations and
one of the leading insurance companies in the region of Nijkerk, the Netherlands.
Special financial arrangements between healthcare professionals and the insurance
company were made and reported in the Health Affairs article, a million dollars

saving was accomplished within three years. With the savings, expansion to diabetes
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and cardiac care is being implemented. With more evidence of programs such as the
Lung care program in Nijkerk, the right stakeholders can be attracted to participate
in risk stratification approaches used in integrated programs on regional and even
national level.

Future improvements

Although primary care seems an appropriate place within the care continuum to
implement risk stratification approaches, benefits can be strengthened by linking
primary care data with data from the social domain. Including social determinants
in risk stratification strategies enriches the data, posing the opportunity to make
predictions even more accurate, and enables to provide care following the specific risks
in various subpopulations. Literature has shown associations of social determinants
such as educational level (10) and income (11, 12) with level of healthcare utilization.
Despite current privacy challenges regarding linkage of different data sources,
cooperation between different healthcare and wellbeing sectors should still be
pursued. Collaboration and integration on different levels, including information
systems, can maximize the benefits of risk stratification approaches in primary care.
Including the social sector in risk stratification approaches provides opportunities
for more holistic approaches, where patient profiles extend beyond biomedical
characteristics. Including cultural and ethnical components for risk stratification can
also be of added value as ethnicity has been proven to be associated with healthcare
utilization (13) and health outcomes (14). Agyemang et al. and Uitewaal et al.
found that although there is no difference in treatment between indigenous Dutch
and ethnic minorities in the Netherlands, health outcomes are worse for ethnic
minorities (14, 15). This indicates that ethnicity has great potential to be recognized
in the implementation of risk stratification algorithms. However, using ethnicity in
risk stratification algorithms can be controversial, as this can be seen as evidence of
institutional racism. With our current healthcare system we often strive for equality
in the care provided, which means that every person receives the same care and
is treated the same no matter the situation. Within healthcare systems fairness is
often translated as providing everyone with equal care, excluding every form of
discrimination. However, with the realization that fairness is not merely the provision
of equal care, but providing equity in care, discriminating between different risk
groups, which may include ethnic minorities, should be adopted in the provision of
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improved care. However, these discussions are being complicated in the Netherlands
when institutions such as the Dutch tax authorities are suspected of institutional
racism in a series of cases where multiple beneficiaries for child allowance were
disadvantaged based on ethnical profiling algorithms. Despite these controversies,
it is my belief that including ethnic background amongst other social determinants,
can be of great added value to risk stratification approaches. There is a need for more
investigation of this added value as well as the correct use of those determinants
without harming privacy and dignity of individuals within the population. Using
determinants underlying to ethnicity, such as cultural behaviour and socio-economic
status, should also be taken into account, which might soften the controversy.

On the other side, a majority of research has been undertaken with data originating
from white populations, not taking into account the determinants for ethnic
minorities. This study, has not included the multicultural setting of the Netherlands
and thus the risk stratification algorithms are mostly based on native Dutch
inhabitants. The exclusion of ethnic minorities in research can also be considered
as institutional racism, as cultural determinants are not taken into account. An
important recommendation is therefore to validate the risk stratification algorithms
resulting from this thesis in more multicultural settings of the Netherlands, such as
Amsterdam and the Hague.

Conclusion

In my opinion, to gain the best effects for healthcare, risk stratification approaches
can best be performed in primary care, since this is the setting closest to real life in
which most health issues of most citizens, at least administratively, come together. In
our research, several risk stratification models using the ACG tool, have shown good
performance in the Dutch primary care setting. Methodological improvements can
be achieved by optimizing the models, especially with regards to the clinical validity
of the predictors. However, next to the methodological improvements, practical
implementation needs to be taken into account. Both an increase in confidence in
reliability and applicability among healthcare professionals, as well as improvement
of technical implementation tools for risk stratification, need to be considered.
Inclusion of sectors outside healthcare, for example the enrichment of data as input
for the models with social domain data, can add great value to risk stratification

approaches in primary care.
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As healthcare resources are running scarce, efficient use of the available resources
is of eminent importance. With lots of routinely collected data available in primary
care, opportunities open up to analyze and use these data in order to make efficient
use of healthcare resources. With data-driven approaches, inequities in healthcare
needs and supply can be made visible within the population. Risk stratification, the
systematic assessment of patients’ profiles in order to assign individual risk scores,
can be used to provide personalized and population care according to that risk. In
different countries, risk stratification is used to identify the right subpopulations for
specific care interventions and lower expensive care utilization such as emergency
care and hospitalization.

In the Netherlands, risk stratification is not yet notably used in primary care. Despite
the great possibilities due to the widespread catchment area of primary care in
the Netherlands and the gatekeepers function of general practitioners, systematic
risk stratification approaches in Dutch primary care are minimal. The aim of this
dissertation was therefor to identify and asses a suitable risk stratification tool to be
used in Dutch primary care. After the introduction of the concept of risk stratification
and the research question to be answered with this dissertation, the performed
studies aiming at answering this question, are described in the chapters 2 till 5, with
each chapter answering a sub-question derived from the central research question.

In chapter 2 a systematic literature review was described answering the sub-question
‘What risk stratification tool is most appropriate for use in primary care?’ Studies
were screened and systematically reviewed to identify risk stratification tools most
suitable for primary care. Risk stratification tools were assessed on statistical validity.
61 articles were systematically reviewed and assessed, resulting in the identification
of three mainly used risk stratification tools in primary care: 1) the Adjusted Clinical
Groups (ACG), 2) the Charlson Comorbidity Index (CCl) and 3) the Hierarchical
Condition Categories (HCC). Of these three identified risk stratification tools, the ACG
was most frequently used in primary care and had the best statistical validity.

Chapter 3 described a pilot study in which the ACG tool was first applied in a Dutch
primary care setting. The results showed the potential of the ACG in identifying different
levels of morbidity and care burden using routinely collected Dutch general practitioners’
data. Prediction models with ACG’s diagnosis and multimorbidity categories as predictors
have proven to be accurate for the prediction of GP visits per year.
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The main question of this thesis was answered with chapter 4, describing a study
assessing the model performance of ACG’s hospitalization and high costs models
applied in the Dutch primary care setting. Both models showed good performance
regarding discrimination and calibration properties. In addition, the models were
adjusted to best fit the Dutch primary care situation. Coefficients of the underlying
predictors of the models were adjusted, improving the good model performances for

both the hospitalization and the high costs model.

In chapter 5 an illustration is given of how risk stratification can be used to identify
a specific subpopulation. With the use of the ACG, a group of complex patients
with problems on multiple health domains (somatic chronic, psychological or social
domain) could successfully be identified. Being able to identify such subpopulations

can result in better care management and coordination of the right patients.

Inthediscussion of this dissertation, recommendations were done to methodologically
improve the risk stratification models assessed in the different studies of this thesis.
Suggested methodological improvements next to the statistical validation that has
been performed in this thesis, included clinical validation of the underlying predictors
of the models, taking the Dutch contexts into consideration. Social determinants
are a valuable addition to biomedical determinants when it comes to the health of
the population and the potential of adding them to risk stratification approaches in
Dutch primary care should surely be investigated.

In addition to the methodological improvements of the models, first practical
steps to be taken were discussed, including creating awareness of the benefits of
risk stratification and trust in the tools, amongst health care professionals in and
outside primary care as well as other stakeholders such as insurance companies,
policy makers and municipalities. Lastly, although | believe that primary care is the
best place in the care continuum to start off with risk stratification approaches, it is
discussed that collaboration with especially the social domain would be beneficial
to the improvement of the healthcare of the population. Social determinants are
a valuable addition to biomedical determinants when it comes to the health of the
population and the potential of adding them to risk stratification approaches in

Dutch primary care should surely be investigated.

125




%ﬂp/pw DICES



APPENDICES

SAMENVATTING
LIST OF PUBLICATIONS
CURRICULUM VITAE
DANKWOORD



Appendices

Samenvatting

Door het steeds schaarser worden van de middelen in de gezondheidszorg, wordt
de noodzaak efficiént om te gaan met de beschikbare middelen hoger. Met de
beschikbare routinematig verzamelde data in de eerstelijns gezondheidszorg
worden mogelijkheden gecreéerd om de schaarse middelen efficiént in te zetten.
Middels datagerichte benaderingen worden onevenredige gezondheidsbehoeften
binnen populaties zichtbaar gemaakt. Risicostratificatie, de systematische analyse
van patiént profielen om zo risicoscores toe te kennen aan individuen, biedt de
mogelijkheid persoons- en populatiegerichte zorg te verlenen. Wereldwijd wordt
risicostratificatie gebruikt voor het identificeren van de juiste subpopulaties voor
specifieke zorginterventies om op die manier het gebruik van dure zorg zoals

spoedzorg en hospitalisatie te verminderen.

In Nederland wordt risicostratificatie nog niet op grote schaal toegepast in
de eerstelijns gezondheidszorg. Hoewel de mogelijkheden groot zijn door de
poortwachtersfunctie van Nederlandse huisartsen en het feit dat het grootste deel
van de populatie geregistreerd staat bij een huisarts, wordt er minimaal gebruik
gemaakt van datagerichte risicostratificatie. Het doel van dit proefschrift is dan
ook het identificeren en beoordelen van een risicostratificatie model, dat het best
gebruikt kan worden in de Nederlandse eerste lijn. Na de introductie van zowel het
concept risicostratificatie als de onderzoeksvraag die middels dit proefschrift wordt
beantwoord, worden de verschillende studies waarmee deze onderzoeksvraag
wordt beantwoord, beschreven in de hoofdstukken 2 tot en met 5. leder hoofdstuk

beantwoordt eenvande sub-vragen, die zijn afgeleid van de centrale onderzoeksvraag.

Hoofdstuk 2 beschrijft een systematische literatuur review, waarmee de sub-vraag
‘Welke risicostratificatie modellen zijn het best geschikt voor gebruik in de eerstelijns
gezondheidszorg?’ wordt beantwoord. Studies zijn op systematische wijze gescreend
en beoordeeld ter identificatie van risicostratificatie modellen geschikt voor de
eerstelijns gezondheidszorg. De statistische validiteit van de modellen is beoordeeld.
61 artikelen zijn beoordeeld met als resultaat de identificatie van drie meest gebruikte
risicostratificatie modellen in de eerstelijns gezondheidszorg: 1) de Adjusted Clinical
Groups (ACG), 2) de Charlson Comorbidity Index (CCl) en 3) de Hierarchical Condition
Categories (HCC). De ACG bleek het meest gebruikte risicostratificatie model in de

eerstelijns gezondheidszorg, met de beste statistische validiteit.
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Hoofdstuk 3 beschrijft een pilot studie, waarin een eerste toepassing van de ACG in
de Nederlandse huisartsenpraktijk wordt gedaan. De resultaten laten de potentie
van de ACG zien in het identificeren van verschillende niveaus van morbiditeit en
zorgzwaarte, waarbij gebruik gemaakt wordt van routinematig verzamelde data uit
een Nederlandse huisartsenpraktijk. Predictiemodellen met ACG's, diagnose- en
multimorbiditeitscategorieén, als voorspellers bleken accuraat voor de predictie van
de jaarlijkse hoeveelheid huisartsbezoeken.

De centrale onderzoeksvraag van dit proefschrift wordt beantwoord in hoofdstuk 4, waarin
twee predictiemodellen van de ACG, predictie van hospitalisatie en van hoge zorgkosten,
worden beoordeeld en aangepast aan de Nederlandse situatie. De coéfficiénten van
de onderliggende predictiemodellen zijn hierbij afgesteld op de data uit Nederlandse
huisartsenpraktijken, waarmee de statische validiteit van beide modellen verbeterd is.

In hoofdstuk 5 wordt een voorbeeld gegeven van hoe risicostratificatie gebruikt kan
worden voor het identificeren van een specifieke subpopulatie. Met behulp van
de ACG wordt een groep complexe patiénten met problemen op tenminste twee
verschillende gezondheidsdomeinen (het somatisch chronisch, mentaal en sociaal
gezondheidsdomein) succesvol geidentificeerd. De mogelijkheid om dergelijke
groepen subpopulaties te identificeren, kan resulteren in betere zorgmanagement
en zorgcoodrdinatie van de juiste groepen patiénten.

In de discussie van dit proefschrift worden onder andere aanbevelingen gedaan om
de risicostratificatie modellen methodologisch te verbeteren. Een methodologische
verbetering betreft hetklinisch validerenvan de voorspellersvan de predictiemodellen
in navolging op de statistische validering, die middels dit proefschrift is gedaan. Sociale
determinanten zijn een waardevolle toevoeging aan de biomedische determinanten
voor het in kaart brengen van de gezondheid van de populatie en de potentie van
het toevoegen van deze sociale determinanten aan risicostratificatie benaderingen
in de Nederlandse eerste lijn is zeker verder onderzoek waard. In aanvulling op de
methodologische verbeteringen van de risicostratificatie modellen wordt het belang
van eerste praktische stappen zoals het creéren van bewustwording en draagvlak
onder zowel eerstelijns zorgverleners als andere partijen zoals zorgverzekeraars,
gemeenten en beleidsmakers, benadrukt. Ten slotte wordt, ondanks mijn overtuiging
dat risicostratificatie in de eerstelijns gezondheidszorg het best op zijn plek is,
bediscussieerd dat samenwerking met het sociale domein zeer bevorderlijk kan zijn
voor de verbetering van de gezondheid van de populatie.
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