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1 Executive summary  
This document represents Deliverable 6 (D6) which is the final outcome of work package 4 (WP4, 

led by Philips Research) within EU-funded project ASSEHS. D6 comprises the descriptions of the 

tools designed and developed within WP4 as well as the learnings and insights generated during the 

project by WP4. The main task of WP4 was the development of a consolidated standard for 

appraising stratification techniques (appraisal standard, AS) facilitating critical and comprehensive 

comparisons among different risk stratification (RS) models.  

During the first part of the project a scoping review (Mora et al. 2015) has been carried out to 

collect the knowledge and to identify the source of information to design the AS. The latter 

comprises those features that help to unequivocally describe a RS model and the scenario where it 

has been deployed and tested. Therefore, not only the performance (e.g. discriminative power, 

predictive capacity, etc.) of the models are considered but also the implementation requirements 

(e.g. data and health information systemsõ specifications), as well as the predictors (e.g. clinical, socio-

demographic, pharmacy data, etc.) used to derive the risk score. Moreover, the AS also considers 

the information regarding the study, which introduced and tested the model, and the populationõs 

characteristics upon which the model was applied. Therefore, different dimensions have been 

identified to drive the appraisal of an RS model. The AS will support exhaustive reports on existing as 

well as future stratification techniques for complete and transparent documenting. Undoubtedly, this 

tool will ease the comparison among different stratification methods and facilitate their broad 

deployment. This tool is expected to provide meaningful insights to policy makers and health care 

managers towards a broader integration of RS tools in European health care systems as well as to RS 

designers and researchers who want to benchmark their own models. 

The AS has been used to assess the RSs designed in the four ASSEHS partner regions: Basque 

Country and Catalonia in Spain, Lombardia and Puglia in Italy. RS are predictive models applied in 

healthcare domain both at clinical and administrative level to predict, for instance, future events and 

stratify a population according to a selected metric such as the likelihood of a selected outcome to 

occur, the patient complexity, the concurrent or future health care expenditure, etc. Models 

deployed for òcase findingó aim at identify top high-risk, high-need or high-cost patients, usually 

patients located above the 95th or 99th percentile. Those patients are then assigned to tailored 

programs designed to prevent the adverse event predicted by the RS. An example is offered by the 

RS in the Basque Country where the 1 and 5% high costs patients are identified for appropriate 

interventions. Another type of RS is represented by risk adjuster tools which are used to adapt 

insurance premiums, payment for healthcare plans, healthcare reimbursement, etc., to reflect the 

health status of plan members. òRisk adjustmentó methods aim at providing a data-driven method for 

a fair distribution of healthcare resources based on the clinical complexity of the patient as done in 

Lombardia, for instance.  

Another crucial concept in the domain of RS is represented by the data fed into the RS. The data 

must be available not only during the design and development of the predictive model but their 

availability must be assured also during the deployment of the RS. That is why a great effort has been 

made in all four ASSEHS partner regions in order to either build a unified and centralized database or 

create a reliable linkage between the different available databases (e.g. prescription database, hospital 

electronic medical records, GP electronic records, etc.) where all the parameters needed by the RS 

are stored. Moreover, this activity facilitates future maintenance and updating tasks, such as 

recalibration, regeneration, and reclassification of the RS. Using the AS to assess the RSs of the four 

ASSEHS partner regions it was possible to notice that in all the four regions the designers of the RSs 

used the data belonging to a population greater than 1.8 million patients during the development of 
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their RSs. It is important to highlight that only in USA and Canada, besides Spain and Italy, RSs were 

tested on large (greater than 1.8 million people) population datasets using calibrated modelsõ 

parameters, with a prospective risk time frame of one year, confirming the uniqueness of the data 

source in the partner regions. 

Risk adjuster models can be subject to manipulation by healthcare provider if specific inputs are used 

in the predictive model which allows a provider, for instance, to inflate the reimbursement for 

patients by altering the patientsõ clinical data (Schone & Brown 2013). This issue is less prominent for 

òcase findingó models and it suggests to address òcase findingó and òrisk adjustmentó by different RSs. 

Inevitably the use of RS arises equity issues, namely no biases must be introduced in the RS design 

when used to identify patients eligible for specific intervention (Shadmi & Freund 2013). If a RS relies 

on data with a partial coverage of the population (e.g. info on self-purchased drugs), the part of the 

population which cannot be stratified (e.g. patients with financial issues who cannot afford to buy 

drugs) will not benefit from any interventions triggered by the RS. Finally, it has been proposed by 

Geraint Lewis (Lewis 2010) that instead of estimating risks it would be favourable to estimate 

impactibility of an intervention on stratified populations, as this method ensures employing 

treatments providing a beneficial response in patients. 

On the one hand, the initial scoping review facilitated the generation of the AS framework (i.e. the 

data model comprising all the dimensions and properties to univocally and comprehensively describe 

an RS model). On the other hand, it enabled the collection of the information related to validations 

of stratification tools in different populations that have been published either in publically available 

reports or in peer-reviewed journal articles. This activity led to the generation of an AS knowledge 

base reporting the description of any RS encountered in the scoping review as well as an outline of 

the scenario in which those tools were evaluated in accordance to the AS framework. This 

information is accessible via the ASSEHS AS dashboard (http://assehs.eu:3845/appraisalstandard/) 

which is a web-based dashboard that allows the user to retrieve the data collected during WP4 

scoping review. In this context, the dashboard allows the user to investigate and filter the RSs tools 

appraised and stored in AS knowledge base from three different perspectives: the outcome predicted 

by the RS, the predictorsõ set required as input by the RS and the healthcare system within which the 

RS has been validated. Each of these perspectives has a dedicated tab where the user can conduct the 

search and visualize the results. For instance, a healthcare director interested in deploying an RS 

within his region could perform a search to identify those RSs which use the type of information that 

is available in his organization and obtain an indication of the predictive performance of the selected 

RSs. 

In general the dashboard was designed to provide: 

¶ a suggestion to healthcare managers on the best-in class RS for a specific setting; 

¶ a useful tool for RS designers and researchers to benchmark their own RSs; 

¶ a source of information (e.g. list of references) to healthcare professionals. 

The definition of the type of information considered useful to be extracted from the knowledge base 

was drafted during a workshop organized by WP4 leader where all the partners of the consortium 

and the members of the Stakeholder Advisory Board (SAB) could discuss and creatively brainstorm 

around the topic. Moreover, a user manual on the use of the dashboard is available to facilitate the 

dissemination of the knowledge generated within WP4. Similarly, a manual describing the procedure 

to update the knowledge base has been created and a code to execute the update is available to 

allow future extension of the knowledge base. 

http://assehs.eu:3845/appraisalstandard/
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2 Introduction  
Deliverable 6 represents the final outcome of WP4 within EU-funded project ASSEHS (òActivation of 

Stratification Strategies and Results of the interventions on frail patients of Healthcare Servicesó). D6 

comprises the descriptions of the tools designed and developed within WP4 as well as the learnings 

and insights generated during the project by WP4. The project as a whole aims at investigating the 

use of stratification strategies within different European health services to assess the outcome of 

their deployment and to identify the resulting impact on the health care service with a special focus 

on the care delivered to frail elderly patients. The main task of WP4 was the development of a 

consolidated standard for appraising stratification techniques facilitating critical and comprehensive 

comparisons among different RS models. This tool is expected to provide meaningful insights to 

policy makers and health care managers towards a broader integration of RS tools in European 

health care systems. 

The project started in January 2014 and will end in June 2016. Within WP4, the first half of the 

project was devoted to carry out a scoping review (Mora et al. 2015) which led to the design of the 

AS. The latter has been already described extensively in a previous deliverable (see D5) and it 

comprises those features that help to univocally describe a RS model and the scenario where it has 

been deployed and tested. A summary description of the AS is presented in chapter 5.  

Chapter 3 and 4 provide an overview of the insights generated during the scoping review concerning 

the use of RSs and its implications. 

During the scoping review and literature consultation, a knowledge base was created which used the 

AS as a framework to collect the information needed to comprehensively appraise RSs. To facilitate 

the access and use of this information, a dashboard was designed and developed which is described in 

chapter 6. 

Chapter 7, 8, 9 and 10 provide a thorough technical description of the RSs deployed and/or 

developed in the four partner regions: Basque Country (Spain), Catalonia (Spain), Lombardia (Italy) 

and Puglia (Italy). 

Chapter 11 outlines the differences and commonalities between the RSs deployed and/or designed in 

the partner regions and the RSs appraised in the AS knowledge base. 

Chapter 12 and 13 outline the procedure to extend AS knowledge base and how to generate the 

input for the dashboard to ensure a continuous update of AS knowledge base and consequently of 

the data accessible through the dashboard also after the end of ASSEHS project. 

 

 

http://link.springer.com/article/10.1007%2Fs40520-015-0458-5
http://assehs.eu/upload/docpublicos/9/assehs_appraisal_standard_d5_wp4_v1.0.pdf
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3 Risk stratification tool ð Why and How  

RS are predictive models applied in healthcare domain both at clinical and administrative level to 

predict, for instance, future events and stratify a population according to a selected metric such as 

the likelihood of a selected outcome to occur, the patient complexity, the concurrent or future 

health care expenditure, etc. In general, predictive models are algorithms (e.g. statistical model, 

machine learning algorithm, etc.) which learn the relationship between a set of parameters (or 

predictors), such as age, gender, clinical information, diagnosis, living arrangement, district of 

residence, and an outcome (e.g. readmission to the hospital, death, healthcare expenditure, length of 

stay in the hospital, etc.). The output of the RS can be a categorical/ordinal variable (e.g. low, 

medium, high risk), the probability of an event to occur (e.g. likelihood to be readmitted to the 

hospital in the first 30 days after discharge), a number indicating an amount of money, such as the 

expected healthcare expenditure for next year, or a number of days such as the expected number of 

days spent in the hospital. According to the predicted outcome and its application, one might define 

different groups of RS. Models deployed for òcase findingó aim at identify top high-risk, high-need or 

high-cost patients, usually patients located above the 95th or 99th percentile. Those patients are then 

assigned to tailored programs designed to prevent the adverse event predicted by the RS. An 

additional approach comprises the stratification of the entire population according to the RSõs 

outcome (e.g. risk to be readmitted/die in the next 30-days / 1-year, expected length of stay in the 

hospital, etc.). As a consequence, the healthcare organization can design a program addressing each 

populationõs stratum differently: for instance, low risk patients can receive preventative instructions, 

medium risk patients can be assigned with self-management program to increase patientõs 

empowerment and disease awareness whereas high risk patients can receive targeted interventions 

or intensive case management programs. On the other hand, risk adjuster tools are used to adapt 

insurance premiums, payment for healthcare plans, healthcare reimbursement, etc., to reflect the 

health status of plan members (Winkelman & Mehmud 2007). òRisk adjustmentó methods aim at 

providing a data-driven method for a fair distribution of healthcare resources based on the clinical 

complexity of the patient. For instance, these tools prevent healthcare plan to avoid the enrolment of 

patients generating high healthcare costs and allow healthcare providers to receive a reimbursement 

which reflects not only the number but, above all, the òcomplexityó of the patients enrolled. Similarly, 

RS can be deployed for resource planning guiding the distribution of healthcare resources according 

to the risks, needs or costs as estimated in the population within a region. Finally, predictive models 

can be used to steer capital investments predicting the future needs of a population in terms of 

facilities (e.g. hospital beds), services and instruments (e.g. new MRI scanner) or for 

regional/organizationsõ comparisons. 

Another crucial concept in the domain of RS is represented by the data fed into the RS. Not only 

data must be available during the design and development of the predictive model but their 

availability must be assured also during the deployment of the RS. In other words, the selection of a 

RS highly depends on the data sources available and this aspect can considerably reduce the number 

of models in the market suitable for the selected scenario. That is why a great effort has been made 

in all four ASSEHS partner regions in order to either build a unified and centralized database or 

create a reliable linkage between the different available databases (e.g. prescription database, hospital 

electronic medical records, GP electronic records, etc.) where all the parameters needed by the RS 

are stored. Moreover, this activity facilitates future maintenance and updating tasks, such as 

recalibration, regeneration, and reclassification of the RS. 
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All the issues described so far along with other aspects (e.g. associated costs, licenses, training of 

personnel, etc.) have a great influence on the RSõs choice: one can either choose from the RS on the 

market, freely available or under a license, or develop a new proprietary RS. In the latter case, higher 

predictive performances are expected but one has to assume to have domain experts in the 

organization (as it was done in Lombardia and Puglia, see chapter 9 and 10 devoted to the RSs of 

these regions). On the other hand, one can think of another approach where first a proprietary 

model is purchased so that the professionals can focus more on administrative aspects (e.g. database 

linkage, ICT platform creation, integration of the RS output in the clinical workflow, etc.) and acquire 

knowledge in the field. In a second phase, all the lessons learnt in the previous step can be capitalized 

on and an in-house model can be designed which fully adapt to the present scenario. A clear example 

is offered by Catalonia region which initially deployed Clinical Risk Groups (CRG) from 3M. In a later 

phase of its programs the region designed and developed its own morbidity grouper Morbidity-

Adjusted Groups (GMA in Catalan) achieving better predictive performances (see the section 

dedicated to the RS deployed in Catalonia, chapter 8). 

An important aspect of RS models is represented by the predictive performance, that is, how 

accurately the model predicts the outcome. A performance assessment allows not only to compare 

different models in terms of their predictive accuracy but also to compare the performance of the 

selected model in different settings. In the òcase findingó scenario, one should assess how well the RS 

separates high and low risk patients as high discrimination is needed to classify patients in two 

different subpopulations. The most popular metrics are area under the curve (AUC) as well as 

sensitivity, specificity, and positive predicted value (PPV) at meaningful thresholds for case finding 

tools. In case of continuous outcomes, like expected healthcare costs, one might be interested in the 

model fit (or calibration) that is how well the model explains the variance in the data. For this 

purpose, metrics such as coefficient of determination (R2) or adjusted-R2 are used to measure the 

discrepancy between the expected and predicted outcome. Finally, a RS can be evaluated in terms of 

the improvement it generates in the clinical decision process: does the RS allow for improved 

decision making by trading off potential harms such as false-negatives (i.e. patients erroneously 

classified as low-risk patients) and false-positives (i.e. patients erroneously classified as high-risk 

patients) from potential benefits? Does the RS allow for outcome improvement or cost savings or 

both (cost-effectiveness) when deployed in practice triggering specific intervention programs? 

Additionally, the validation of a RS should be performed not only internally but also externally using 

data collected in a different healthcare environment. These activities facilitate the spread of RS and 

provide further insights concerning the generalizability of the model as well as ideas for prospective 

improvements. For instance, both Catalonia and Puglia regions already conducted an internal 

validation of their RS models and are planning to perform external validation. In case of Catalonia, 

these activities paved the way to the deployment of GMA in other Spanish regions. 
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4 Possible implication for the deployment of RS  
Risk adjuster models can be subject to manipulation by healthcare provider if specific inputs are used 

in the predictive model which allows a provider, for instance, to inflate the reimbursement for 

patients by altering the patientsõ clinical data (Schöne & Brown 2013). This practice is called gaming 

and can be prevented by disregarding particular modelõs inputs which makes the RS less prone to 

gaming but inevitably decreases its predictive performance. This issue is less prominent for òcase 

findingó models and it suggests to address òcase findingó and òrisk adjustmentó by different RSs 

(Schöne & Brown 2013). Moreover, the relationship between the healthcare expenses (studied by 

the risk adjuster) associated to a patient and the fact he could benefit from a specific intervention 

(aim of òcase findingó) is not trivial and not captured by risk adjusters.  

Inevitably the use of RS arises equity issues, namely no biases must be introduced in the RS design 

when used to identify patients eligible for specific intervention (Shadmi & Freund 2013). For instance, 

RS which rely on patientsõ past claims or clinical history cannot be used for patients with no prior 

data hence their risk score cannot be determined. This is the case of new enrolees in managed 

programs or patients with no or intermittent access to care. The same applies to RSs based on 

pharmacy consumption which include also purchased drugs as proxy for high risk therefore patients 

with financial issue might be misclassified (Shadmi & Freund 2013). 

Lastly, the use of RS on a population should ensure that there is an effective intervention that is 

beneficial to identified risk strata. This requirement originates from screening practice and has been 

put forward by James Maxwell and Glover Wilson (Wilson & Jungner 1968) in a landmark WHO 

commissioned report, some 40 years ago. Wilson and Jungner attempted to define screening criteria 

to guide the selection of conditions that would be suitable for screening, based, among other factors, 

on the capacity to detect the condition at an early stage and the availability of an acceptable 

treatment. It has been proposed by Geraint Lewis (Lewis 2010) that instead of estimating risks it 

would be favourable to estimate impactibility of an intervention on stratified populations, as this 

method ensures employing treatments providing a beneficial response in patients. 

The use of RSõ outputs can have an impact not only on the health status of the population but also on 

the healthcare system. These changes need to be reflected in the design of the RS which has to be 

updated continuously in order to adapt to the new scenario. 
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5 The ASSEHS Appraisal Standard for Risk Stratification 

tools  
In order to facilitate critical and comprehensive comparisons among different RS models, the ASSEHS 

AS has been designed. This tool is expected to provide meaningful insights to policy makers and 

health care managers towards a broader integration of RS tools in European health care systems. 

A scoping review (Mora et al. 2015) has been carried out to collect the knowledge and to identify 

the source of information to design the AS (see http://assehs.eu//upload/docpublicos/9/

assehs_appraisal_standard_d5_wp4_v1.0.pdf). The latter comprises those features that help to 

unequivocally describe a RS model and the scenario where it has been deployed and tested. 

Therefore, not only the performance (e.g. discriminative power, predictive capacity, etc.) of the 

models are considered but also the implementation requirements (e.g. data and health information 

systemsõ specifications), as well as the predictors (e.g. clinical, socio-demographic, pharmacy data, 

etc.) used to derive the risk score. Moreover, the AS also considers the information regarding the 

study, which introduced and tested the model, and the populationõs characteristics upon which the 

model was applied. Therefore, different dimensions have been identified to drive the appraisal of an 

RS model. The AS will support exhaustive reports on existing as well as future stratification 

techniques for complete and transparent documenting. Undoubtedly, this tool will ease the 

comparison among different stratification methods and facilitate their broad deployment.  

On the one hand, the scoping review facilitated the generation of the AS framework (i.e. the data 

model comprising all the dimensions and properties to univocally and comprehensively describe an 

RS model). On the other hand, it enabled the collection of the information related to validations of 

stratification tools in different populations that have been published either in publically available 

reports or in peer-reviewed journal articles. This activity led to the generation of AS knowledge base 

reporting the description of any RS encountered in the scoping review as well as an outline of the 

scenario in which those tools were evaluated in accordance to the AS framework. This information is 

accessible via the ASSEHS AS dashboard which is described in the next chapter. 
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6 The ASSEHS Appraisal Standard dashboard  
The WP4 AS dashboard (http://assehs.eu:3845/appraisalstandard/) is a web-based dashboard which 

allows the user to retrieve the data collected during WP4 Scoping review (Mora et al. 2015). The 

dashboard has been designed using shinydashboard (RStudio, Inc. 2014) and contains different tabs 

each of which allows the user to refine the selection of the information from AS knowledge base 

according to specific criteria. During ASSEHS project, WP4 organized a workshop to introduce the 

AS framework to ASSHESõ consortium and the members of the SAB as well as to collect those 

potential questions around RSs which the Scoping review might help to address. Each tab of the 

dashboard is dedicated to one or a combination of questions/issues as defined during the workshop. 

Therefore, the dashboard allows the user to investigate and filter the RSs tools appraised and stored 

in AS knowledge base from three different perspectives: the outcome predicted by the RS, the 

predictorsõ set required as input by the RS and the healthcare system within which the RS has been 

validated. Each of these perspectives has a dedicated tab where the user can conduct the search and 

visualize the results. In addition, the dashboard comprises two tabs where the user can have a more 

detailed overview of all the RSs appraised and the study settings in which these RSs were evaluated. 

 

Figure 1ð Welcome page of ASSEHS AS dashboard. The left side of the window allows the user 

to select a specific tab (e.g. òWelcomeó, òPredicted outcomeó, òPredictorsó, etc.), while the 

central part r eports some general information about ASSEHS and the dashboard. On the right 

part of the window, the user can have an overview of the amount of data stored in AS knowledge 

base (e.g. number of models appraised, number of performance entries, etc.).  

 

The dashboard was designed to provide, among other things: 

¶ a suggestion to healthcare managers on the best-in class RS for a specific setting; 

¶ a useful tool for RS designers and researchers to benchmark their own RSs; 

¶ a source of information (e.g. list of references) to healthcare professionals. 

The rest of this chapter provides a quick user manual for the dashboard with each paragraph focusing 

on a single tab (the current version of the tool comprises six tabs). The AS dashboard is freely 

http://assehs.eu:3845/appraisalstandard/
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accessible via ASSEHS website (i.e. http://assehs.eu/, there is a link on the right upper part of the 

webpage) or directly on http://assehs.eu:3845/appraisalstandard/.  

6.1 Welcome 

This tab provides some general information on ASSEHS project and WP4 as well as an overview (on 

the right-hand side) of the data stored in AS knowledge base and available to the user (see Figure 1). 

6.2 Predicted outcome 

In this section of the dashboard the user can investigate the AS knowledge baseõs content w.r.t. to a 

specific outcome (e.g. unplanned (re)admission to hospital, death, utilisation of healthcare resources, 

etc.) predicted by the RS. 

Prospective scenario: 

¶ A healthcare manager who would like to improve the distribution of healthcare resources 

within his healthcare system and he is willing to know which models have been already 

designed and tested in this context. 

¶ A RS developer who wants to benchmark his tool against the model appraised by WP4 

Scoping review. 

 
Figure 2 ð Lower part of the òPredicted outcomeó window. The graph on the right part of the 

figure reports a comparison of the RSs predicting òUtilisation of healthcare resourcesó and 

whose performance was assessed by òMean Absolute Predictive Erroró. 

 

In the upper left part of the tab a drop-down menu (in the òPredicted outcomeó box) is available to 

the user to select a specific outcome. The three info box on the upper part of the tab report the 

number of RS models stored in AS knowledge base predicting the selected outcome, the number of 

different countries where those models were evaluated and the number of performanceõs 

assessments stored in the knowledge base for the selected models. The list of models predicting the 

selected outcome is listed in the òRisk Stratification modelsó box. The user can decide either to 

focus on a particular model or to maintain the group overview (òalló) by selecting one of the options 

in the radio-button menu in the òRisk Stratification modelsó box. The selection in the radio-button 

http://assehs.eu/
http://assehs.eu:3845/appraisalstandard/
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menu modifies the information displayed in the panel on the central-right side which comprises three 

different screens: 

¶ òMapó - it highlights (in blue) the countries where the selected model(s) was (were) 

evaluated. 

¶ òSummaryó - it reports a summary of the performances of each model per evaluation metric 

with which they were assessed in the documentation included in the Scoping review. 

¶ òPerformancesó - all the performancesõ entries of AS knowledge base for the selected 

model(s) are reported along with additional information (e.g. citation of the source 

document, calibration setting, etc.). 

The lower part of the tab provides another graphical overview of the performances of all the models 

filtered by predicted outcome. Via the radio-button menu in òEvaluation metricó box the user can 

select a specific evaluation metric among those employed in the assessment of the selected models 

(see Figure 2). The average performance along with a range (horizontal line) spanning from minimum 

to maximum value stored for each model in the knowledge base is displayed on the central-right 

panel (òEvaluation metricó). As the same model might have been tested in different scenarios in each 

study, the user must always review the single performanceõs entries (as reported in the òModelsó 

tab) as well as the details of the setting (as reported in the òStudyó tab) in order to contextualize the 

information provided. 

6.3 Predictors 

This tab focuses on the predictor variables used by the various RS models.  

Prospective scenario: 

¶ A healthcare manager would like to know which models rely on the type of information (e.g. 

diagnosis, pharmacy data, etc.) available in his healthcare ICT system; additionally, he would 

like to know which other variables a model might need as input in order to evaluate the 

effort needed to collect that data, too. 

¶ A RS developer who wants to investigate the predictorsõ categories used by other models. 

In the left-hand side itõs placed the òPredictors categoriesó box where the user can select a subgroup 

of categories. The studies comprising the use of, at least, those categories are selected and the main 

information (e.g. name, measured risk, etc.) of the models evaluated in those studies are displayed in 

the central-right panel in the screen called òModelsó. A second screen (i.e. òAdditional predictorsõ 

categoriesó) reports the name of the selected models, the additional predictorsõ categories used, the 

measured risk, the evaluation metric used for the performanceõs assessment and a summary of the 

performance. 

6.4 Healthcare System 

Böhm and colleagues (Böhm et al. 2013) classified 30 OECD healthcare systems into five categories 

considering three dimensions (i.e. regulation, financing and service provision) and three types of actor 

(i.e. state, societal and private actors). In this tab the models are grouped according to the country 

where they were evaluated. 

Prospective scenario: 

¶ A healthcare manager who wants to know the models whose performance was evaluated in 

a country with a healthcare system similar to the one where he would like to deploy a RS. 

The user can select one of the five categories in the drop-down menu in òHealthcare System 

categoryó box. The countries belonging to the selected category are displayed under the drop-down 
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menu and they are also highlighted (in blue) in the world map in the central-right panel (screen 

òMapó). A second screen (òModeló) lists the models evaluated in those countries, a citation of the 

document where a description of the evaluation can be found, the year of publication/editing of the 

document and the country where the study was conducted. 

6.5 Models 

In this part of the dashboard, the user can focus on a specific model which he might have selected in 

one of the previous tabs. 

Prospective scenario: 

¶ A healthcare manager or RS developer who would like to deepen his knowledge about a 

specific RS model (e.g. selected in a previous tab). 

The user can choose a model through the drop-down menu in the upper left-hand side in the 

òModelsó box. The selection modifies the info displayed in the panel positioned below, which 

comprises five different screens: 

¶ òGeneral informationó ð a brief description of the model is provided in this section as well as, 

main technique used, outcome type, Vendor (if any), etc. 

¶ òStudyó ð a list of the document where one can find a performanceõs assessment of the 

selected model. 

¶ òPerformancesó ð all the performanceõs entries in the knowledge base for the selected 

models are displayed along with additional information to fully comprehend the setting of the 

evaluation (e.g. tuning of the parameters, measured risk, risk time frame, etc.). 

¶ òSummaryó ð it lists a summary of the performances per evaluation metric, measured risk, 

risk time frame and type of parametersõ tuning. 

¶ òData input and sourcesó ð the user can read the predictorsõ categories used in each study 

and the data source of each category. 

6.6 Studies 

The last section of the dashboard is dedicated to an overview of the documents (e.g. scientific 

articles, reports, etc.) collected during the Scoping review. 

¶ A healthcare manager or RS developer who wants to know more about the setting of a 

particular study. 

The òStudiesó box contains a drop-down menu where the user can select a document to review. The 

panel positioned below comprises seven different screens which report the available data for the 

selected document: 

¶ òDocument informationó ð the information useful to retrieve the document are listed here. 

¶ òObjectivesó ð a description of the objectives of the study/experiment is provided. 

¶ òSettingó ð an outline of the setting is provided. 

¶ òDataó ð it contains an overview of the data used in the study/experiment. 

¶ òDesign of the studyó ð the design of the study/experiment is described. 

¶ òOutcomeó ð it reports data on the outcome, main measured risk, main risk time frame, etc. 

¶ òAdditional informationó ð it reports the healthcare system where the study/experiment was 

performed as well as any available information on ethical and/or data security issues. 
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7 The risk stratification tool deployed in Basque Country  

7.1 Overview 

Region name: Basque Country. 

Health care system: National Health Service. 

Size of target population: Approximately 2.000.000, all patients in the region are targeted by the risk 

stratification tool. 

Aim: case finding for appropriate interventions and optimization of healthcare resources. 

RS output: identification of the top 1 and 5% high cost (next year healthcare costs) patients. 

 

Figure 3 The diagram provides an overview of the data input, risk stratification model selected 

and modelõs outcome in the Basque Country. 

7.2 The risk stratification model  

Within Basque Country healthcare system a customized version of the Adjusted Clinical Groups 

Predictive Model (ACG-PM) is used (as of October 2015). ACG case-mix system has been developed 

at Johns Hopkins University and the Department of Health and Consumer Affairs of the Basque 

Government has purchased a license via IASIST. The abovementioned RS is applied in all the districts 

of the Basque Country: namely, Álava (capital: Vitoria-Gasteiz), Biscay (capital: Bilbao) and Gipuzkoa 

(capital: Donostia-San Sebastián).  

The implementation and successive deployment of a risk stratification (RS) in the Basque Country 

had two main aims: 

¶ case finding 

¶ risk adjustment and capitative payment. 



 
 

 
DELIVERABLE 6 ï WP4 FULL PACKAGE 

 

17 

Despite the fact that the RS has already been deployed for case finding purposes, some research 

activities are currently being performed in order to improve the final outcomes of the procedure. 

The use of RS for risk adjustment and capitative payment has been investigated but not yet deployed. 

The outcome (dependent variable) generated by the Basque Country RS is the classification of a 

patient into high or low cost patient. Two different thresholds are considered in next year healthcare 

expenditures to divide the population into low and high cost patients: 95th and 99th percentiles of 

healthcare costs. The RS is based on predictive modelling using regression techniques and both the 

calibration and internal validation of the model have been performed using the data (standardized 

costs of the admissions, visits and procedures provided to each patient) recorded in 2008 and 2009 

from more than 2 million patients from Basque Country.  Additionally, the development, validation 

and related results are described in a peer-reviewed article (Orueta et al. 2013). 

7.3 Deployment and maintenance 

The RS is deployed to stratify the entire population of the Basque Country with a special focus on 

the top 1 or 5% high cost patients with respect to next year health costs. The risk score provided by 

the RS is meant to be deployed at emergency room visit, hospital admission and general 

practitionerõs visit. 

The RS tool is deployed at regional level where the entire patientsõ population (approximately 2 

million patients) is stratified annually to identify the top 5% high risk patients for appropriate 

programs. Concurrently, the research team performs periodic evaluation and optimization of the RS 

model. In that respect, the model is recalibrated (i.e. the parameters of the predictive model are 

calculated again) and slight changes are introduced in the set of independent variables used as input 

to the RS model. Those activities are performed whenever the refinement of the stratification 

strategy and associated programs in the region occur. 

ACG-PM software is employed to assign each patient to one of 34 mutually exclusive categories. The 

final logistic regression model, which receives as input the ACG category, previous cost, socio-

economic and demographic variables, was developed and evaluated using SAS software (SAS Institute 

Inc, Cary, NC, USA) till 2012 and SPSS software (SPSS Inc., Chicago, IL, USA) afterwards. Currently, 

it is still undecided if the RS tool developed and validated in the Basque Country will be available to 

other healthcare organizations or institutions. 

The implementation and deployment of a RS model in the Basque Country provided the basis for the 

design of interventions targeting the subpopulation identified by the RS model. Additionally, the 

linkage between different data sources (please see following section) not only increased the 

predictive performance of the model but also gave rise to other opportunities (e.g. epidemiological 

research, economic evaluations of programs, etc.) within the healthcare system of the Basque 

Country. 

7.4 Input data for the stratification tool  

The RS in the Basque Country uses data retrieved from primary care electronic medical records 

(PC-EMR), hospital and specialist outpatient care databases. More specifically, the RS model is based 

on the following categories of data used at different level in the risk generation process: 

¶ diagnoses (from each contact with primary care, hospital admissions and day hospitals) 



 

 

18 

¶ socio-demographics (age,  sex) 

¶ pharmacy data (prescription data from PC-EMR) 

¶ prior utilization obtained directly from PC-EMR, hospital admissions and specialist outpatient 

care information database 

¶ socio-economic data (census area of residence/deprivation index from MEDEA project). 

The patientsõ data confidentiality is ensured via the use of an opaque identifier inside the Basque 

Country population stratification program (PREST) database.   

The following tasks and procedures are considered during the preparation of the data before being 

ingested in the model: 

¶ Data preprocessing: automated 

¶ Data lag: 3 months 

¶ Data quality check: manual 

¶ Missing data: not applicable 

¶ Outliers: not applicable 

¶ Data cost: no direct cost (only professionalsõ work load). 

7.5 Performance of the model 

The predictive performance of the model has been assessed using different metrics: namely, R2, PPV, 

negative predictive value, sensitivity, specificity and AUC. 

A peer-reviewed article reports the results for the RS model herein described and a comparison 

with other available classification systems (i.e. Diagnostic Cost Groups/Hierarchical Condition 

Categories and CRG). 

Figure 4 reports a summary of the results achieved by the RS model. In this scenario R2 refers to the 

amount of cost variability in the data which is explained by the model. The linear regression model 

was tested using different sets of input variables in order to evaluate their contribution to the overall 

predictive capability of the model. The highest R2 (0.260) was achieved when age, sex, diagnoses, 

prescriptions, previous costs and deprivation index are used as independent variables. 
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Figure 4 The graph reports a summary of the results achieved by the RS model in terms of cost 

variability explained . Green bar indicates the mean R2 achieved when the model was tested 

without a previous calibration on the local data (error bar spans over min -max range, only for 

green bar). Blue bars are used to report the results of the model with recalibrated paramete rs. 

A&S, Dx, Rx, cost and DI refer to age&sex, diagnoses, prescriptions, previous costs and 

deprivation index, respectively.  

 

The RS tool developed in the Basque Country and deployed at regional level aims at identifying 

patients that will incur high healthcare costs the following year. To this extent, a logistic regression 

model has been developed to classify patients into high or low cost patients. More specifically, two 

different thresholds were used to label high cost patients: 95th percentile (5% of highest-consuming 

patients) and 99th percentile in terms of cost (1% of highest-consuming patients). 

In this setting the predictive ability of the model was measured in terms of area under the receiver 

operating characteristic curve. Figure 5 reports the AUC yielded when the logistic regression model 

was classifying patient as belonging to the 5% of highest-consuming patients or not. Different 

independent variableõ sets were evaluated with the most complete set (i.e. age, sex, diagnoses, 

prescriptions, previous costs and deprivation index) yielding the highest AUC (0.868). 
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Figure 5 The graph reports a summary of the results achieved by the RS model in terms of 

ability to discriminate between high (above 95th percentile) and low cost patients. Green bar 

indicate the mean AUC achieved when the model was tested without a previous calibration on 

the local data (error bar spans over min -max range, only for green bar). Blue bars are used to 

report t he results of the model with recalibrated parameters. A&S, Dx, Rx, cost and DI refer to 

age&sex, diagnoses, prescriptions, previous costs and deprivation index, respectively.  

 

Figure 6 reports the AUC yielded when the logistic regression model was classifying a patient as 

belonging to the 1% of highest-consuming patients or not. Different independent variableõ sets were 

evaluated with the most complete set (i.e. age, sex, diagnoses, prescriptions, previous costs and 

deprivation index) yielding the highest AUC (0.897). 

We refer the reader to the peer-reviewed article (Orueta et al. 2013) for a complete overview of 

the performance and comparison assessment. 
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Figure 6 The graph reports a summary of the results achieved by the RS model in terms of 

ability to discriminate  between high (above 99th percentile) and low cost patients. Green bar 

indicate the mean AUC achieved when the model was tested without a previous calibration on 

the local data (error bar spans over min -max range). Blue bars are used to report the results of 

the model with recalibrated parameters. A&S, Dx, Rx, cost and DI refer to age&sex, diagnoses, 

prescriptions, previous costs and deprivation index, respectively.  
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8 The risk stratification tool deployed in Catalonia  

8.1 Overview 

Region name: Catalonia. 

Health care system: National Health Service. 

Size of target population: approximately 7.500.000, the entire population in Catalonia region is 

stratified. 

Aim: case finding for appropriate interventions, optimization of healthcare resourcesõ allocation (e.g. 

including risk adjustment) and benchmarking. 

RS output: expected cost of a given patient/average cost of the population, called Risk Prediction 

Index.  

 

Figure 7 The diagram provides an overview of the data input, risk stratification m odel selected 

and modelõs outcome in Catalonia region. 

8.2 The risk stratification model  

The RS tool used by the Catalan Institute of Health (ICS, the main healthcare provider in Catalonia) 

until the end of 2014 was CRG from 3M (a license has been purchased). Concurrently, another RS 

tool had been designed and implemented in the region in collaboration with CatSalut, the Catalan 

healthcare commissioner: named GMA.  

In 2011, Catalonia initiated a new healthcare program called PPAC (Prevention and Chronic Care 

Program) whose aim was to improve the quality of care provided to complex chronic patients as well 

as to refine the provider payment mechanism to acknowledge the heterogeneity in the patientsõ 

population in terms of clinical complexity. Its ultimate goal was to guide the health system to change 

towards a better chronic care. RS was seen as a resourceful tool to achieve PPAC goals. Initially, 

CRG was deployed to stratify the population both to identify complex chronic patients, who require 
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a personalized intervention, and to define the risk-adjusted reimbursement in primary healthcareõs 

contracts. In this respect, since early 2015 all primary care contracts are issued based on risk-

stratified populations. In the same period GMA has been deployed to achieve those objectives. 

PIAISS represents the continuation of PPAC program and it investigates the use of new independent 

variables in the RS model as well as the recalibration of it. PIAISS (Interdepartmental Plan on Health 

and Social Integration) and PPAC share the same RS tools. 

The GMA morbidity grouper is based on statistical methods applied on mortality, hospital 

admissions, pharmaceutical use and GP contacts information and provides a quantitative assessment 

of the patientõs disease complexity. The RS tools have been deployed in all the districts within 

Catalonia (Spain). In addition, GMA is currently being evaluated by the Spanish Ministry of Health 

(MoH) as a potential RS tool for the Spanish National Health System. A recent agreement led to the 

implementation of GMA RS tool in 13 out of 17 Spanish regions (92% of the Spanish population). 

Madrid is among these regions, being its population six million people, and it was chosen as the pilot 

region to perform the pre-intervention test. 

Both the GMA and CRG have been tested as morbidity groupers during the validation of the RS 

model of Catalonia region. Their predictive power was evaluated together with other covariates (i.e. 

age, sex and socioeconomic status) to predict different healthcare outcomes: mortality, unplanned 

admissions, emergency department consultations, total healthcare expenditure, pharmacy cost, cost 

related to drugs strictly dispensed by hospital (e.g. AIDS treatment, oncology treatments, etc.), 

contacts with GP and number of outpatient consultations. To achieve this aim different multiple 

linear regression models were designed and tested. The data from the entire patientsõ population 

(approximately 7.5 million patients) from Catalonia was used during the validation. In addition to the 

statistical validation of the tool, a clinical validation was performed through a pilot test surveying GPs. 

8.3 Deployment and maintenance 

In Catalonia region the RS tool has been deployed to stratify the entire patientsõ population and the 

risk score provided by the tool is used mainly during GP visit for case finding purposes. Although the 

GMA tool is already deployed at regional level and soon at national level, numerous activities are 

carried out towards further development and optimization of the tool. In this context, new 

independent variables (e.g. social data, functional autonomy, risk to be readmitted in a nursing home, 

etc.) were and will be tested in terms of their predictive power. These regeneration activities are 

performed without any precise schedule. Whereas the recalibration of the GMA tool is planned to 

occur every six month but this schedule might change to align with the MoHõs strategy once the 

GMA will be deployed at national level. 

As already stated above, the GMA tool was transferred to other regions in Spain but it could also be 

used by regions outside Spain under a license. A dedicated software has been already implemented 

and training is provided to external institutions/organizations willing to adopt GMA within their 

healthcare environment. In Catalonia healthcare professionals have access to the risk score 

generated by the RS model in the ICS electronic health record and HC3 (the Catalan shared 

electronic health record) of a specific patient. Indeed, while both CRG and GMA models provide 

information on complexity/severity per patientsõ group, only GMA has been validated in generating an 

individualized risk score of hospitalization in the next 12 months per patient which is listed in the 

selected patientõs electronic health record. 
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8.4 Input data for the  stratification tool  

As mentioned above the CRG and GMA were adopted as morbidity groupers and used with other 

independent variables within the RS models. In contrast to CRG, GMA is based on statistical 

information derived from the target population without relying on fixed expertsõ knowledge.  

The categories of data used by the RS tool in Catalonia are the following: 

¶ socio-demographic (i.e. age and sex) 

¶ socio-economic (e.g. information regarding income and healthcare services accessibility for 

the patientõs district of residence) 

¶ healthcare resourcesõ use 

¶ information on mortality 

¶ prescription data. 

This information is used in the different phases of the design of the RS tool. In particular, data on 

mortality, hospital admissions, pharmaceutical use and GP contacts is the input for the morbidity 

grouper: CRG (until end 2014) and GMA (since beginning 2015). 

 

The abovementioned information is retrieved from different data sources: 

¶ Regional Registry of Insured people (Registro Central de Asegurados, RCA) 

¶ Regional Registry of Prescriptions (Registro de Actividad de Farmacia, RAF) 

¶ Regional Registry of Healthcare services utilization (Conjunto Mínimo Básico de Datos, 

CMBD) 

¶ Regional Registry of healthcare claims (Facturación de servicios sanitarios, FSS). 

The personal identification code (Código de identificación personal, CIP) is used to perform the data 

linkage at patientõs level and to create a unique database: the Multimorbidity Unified Database. 

The following tasks and procedures are considered during the preparation of the data before being 

ingested in the model: 

¶ Data preprocessing: automated 

¶ Data lag: 3-4 months 

¶ Data quality check: automated 

¶ Missing data: not applicable 

¶ Outliers: not applicable 

¶ Data cost: no. 
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8.5 Performance of the model 

As of now, there are no peer-reviewed article revealing the results of the validation of CRG and 

GMA in Catalonia region. Nevertheless, a validation was performed and reported internally within 

ASSEHS. The predictive performances of the two morbidity groupers were assessed together with 

other independent variables in terms of Akaikeõs Information Criterion (AIC) and R2. Only the latter 

results were available to the authors of this document and they are reported below. Three different 

models were tested to predict eight different outcomes (Figure 8): a model based on Age and Sex, a 

second one based on Age, Sex and CRG as a morbidity grouper, and a third one based on Age, Sex 

and GMA as a morbidity grouper. The inclusion of a morbidity grouper, either CRG or GMA, 

improved the predictive performance of the RS model for all eight scenarios. The inclusion of GMA 

rather than CRG yielded better results in terms of R2 in all cases except when general and hospitalõs 

pharmacy cost and total healthcare cost were the dependent variables. 

 

Figure 8 The graph reports the results of the RS models validated in Catalonia in terms of R2. 

Specifically, three different models were tested to predict eight different outcomes: a model 

based on Age (A) and Sex (S), a second one based on A, S and CRG as a morbidity grouper, and 

a third one based on A, S and GMA as a grouper.  

 

In addition, the inclusion of socioeconomic status information in the models has been assessed 

(Figure 9) for four different outcomes: mortality, hospital admissions, emergency admissions and 

healthcare total cost. The inclusion of variables based on morbidity groupers yielded a substantial 

improvement in the predictive performance of the models in all the four scenarios in terms of R2. 

Additionally, this assessment identified GMA as being more informative than CRG when used 

together with sociodemographic and economic factors in predicting the outcomes of interest in 

Catalonia region. 
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Figure 9 The graph reports the results of the RS models validated in Catalonia in terms of R2. 

Specifically, three different models were tested to predict eight different outcomes: a model 

based on Age (A), Sex (S) and socioecono mic status (SE), a second one based on A, S, SE and 

CRG as a morbidity grouper, and a third one based on A, S, SE and GMA as a grouper.  
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9 The risk stratification tool deployed in Lombardia  

9.1 Overview 

Region name: Lombardy. 

Health care system: National Health Insurance. 

Size of target population: approximately 10.000.000 people. 

Aim: case finding for appropriate interventions and risk adjustment for healthcare resourcesõ 

allocation. 

RS output: each patient is assigned to a class according to clinical complexity and associated costs. 

 

Figure 10 The diagram provides an overview of the data input, risk stratification model and 

modelõs outcome in Lombardy region. 

9.2 The risk stratification model  

In Lombardy region a proprietary model, named Chronic Related Groups (CREG), has been 

developed and it is deployed in five local health authorities within Lombardy (Italy): Milano, Milano2, 

Lecco, Como and Bergamo. The scope of the CREG model was to stratify the patientsõ population 

according to the clinical complexity and associated costs to estimate the consumption for the 

upcoming year enabling case finding for appropriate interventions and risk adjustment for healthcare 

resourcesõ allocation. This RS model is an essential part of the CREG program. The latter promotes 

continuity of care for patients with non-communicable diseases with comorbidities and it aims at 

delegating care coordination for chronic diseases to primary care instead of to secondary/episodic 

care. The CREG model is mainly an administrative tool and lacks a clinical validation as well as the 

inclusion of social data. 

The RS tool of Lombardy region is currently deployed in a controlled environment at regional level 

and data belonging to the entire population (approximately 10 million people), including healthy 

people, was used during the design of the model. The CREG model provides an estimation of the 

patientõs healthcare expenditure in the next year. This patientõs profile is then provided to the GP to 

generate a care plan accordingly. The GREG model is based on threshold modelling using 

inclusion/exclusion criteria and if-then-rules and it assigns a patient to one of the 150+ classes. Each 






























































