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Abstract

Risk equalisation plays a crucial role in ensuring fair competition among insurers and equitable
access to health care in the Dutch system of regulated competition in the health insurance market,
especially given open enrolment and community-rated premiums. Currently, two separate risk
equalisation models are used — one for somatic care and one for mental health care. These models differ
in predictive accuracy and require parallel development, increasing administrative complexity. Although
somatic and mental health conditions are often interrelated, limited research has investigated whether
combining these models could improve predictive performance. This study evaluates whether a
combined model improves predictive accuracy by comparing it to the existing separate models using
ordinary least squares (OLS) regressions. Data from the Central Bureau of Statistics were used,
incorporating health care expenses from 2022 (t-3). Predictive accuracy was assessed using multiple
indicators: R?, Cummings Prediction Measure (CPM), Mean Absolute Percentage Error (MAPE), and
subgroup undercompensation. Results indicate that the combined model performs similarly to the
separate models on overall metrics, with a slight advantage in favour of the combined model. At the
subgroup level, improvements are more pronounced, particularly for individuals with high mental health
care expenses or chronic psychiatric illnesses, where the combined model demonstrates significantly
higher accuracy. These findings suggest that a unified risk equalisation model could improve predictive
performance, which would also be beneficial for the administrative burden. Further research is needed

to examine how the combined model can be applied in practice.
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Introduction

In the Netherlands, private health insurance for curative care is mandatory, with a community-
rated premium for basic coverage and open enrolment under the Health Insurance Act (van Kleef et al.,
2018). Community-rated premiums protect high-risk individuals from unaffordable high premiums but
also incentivise health insurers to engage in risk-selection, defined as “actions by consumers and insurers
to exploit unpriced risk heterogeneity” (van Kleef et al., 2024, p. 177). By attracting low-risk enrolees
and deterring off high-risk enrolees, insurers seek to maximise profits and minimise losses. Risk
selection has potential negative effects on solidarity between low-risk and high-risk individuals, and it

could reduce efficiency and quality of care (van Kleef et al., 2013a).

To mitigate potential risk-selection, the Dutch government implemented an ex-ante risk
equalisation model, which compensates insurers based on enrolees’ risk profiles (van Kleef et al., 2018).
A well-functioning risk equalisation system is therefore essential to reducing incentives for risk
selection. The Netherlands uses two separate risk equalisation models: one for somatic care and another
for mental health care. While both models share common risk-adjustors — such as sex, age, and source
of income (AVI) (Ministerie van VWS, 2019) — they also include domain-specific risk-adjustors. Having
two models results in a difference in predictive accuracy and two models that need maintenance. This
raises the question of why expenditures for somatic and mental health care are estimated using two
models instead of a single, integrated model — particularly given that a combined approach could

improve predictive accuracy and reduce maintenance efforts.

The division of the risk equalisation models dates back to 2008, when mental health care was
incorporated into the Health Insurance Act (van Kleef et al, 2018; Vektis, n.d.). At the time, mental
health care had distinct risk-sharing mechanisms absent from somatic care, requiring separate cost
predictions. Although these risk-sharing mechanisms no longer exist, the separation between somatic
and mental health care persists. One possible reason for maintaining two separate models is the
difference in distribution of health care costs: mental health care costs tend to be more right skewed than
somatic care costs, making them more difficult to predict accurately. Another reason could be that the
models have diverged so much over time that merging them now would pose significant challenges (van

Kleef et al., 2018).

Developing a combined model is challenging because the existing models differ in risk-
adjustors and predictive performance (van Kleef et al., 2018). For example, the somatic care model
includes risk-adjustors such as Physiotherapy Diagnostic Groups (FDG) and Historic Somatic Morbidity
(HSM), which are not present in the mental health care model. Predictive performance also varies: the
somatic care model outperforms the mental health care model (Cattel et al., 2024b). However, when it
comes to minimising risk selection, what matters most is the accuracy of predicting total health care

expenses, not the separate components. Health insurers need adequate compensation for their enrolees’



overall risk profile, regardless of whether this is achieved through a combined model or two separate
models. Therefore, reducing incentives for risk selection can be accomplished either by maintaining two
separate models or, as this study explores, by developing a single model that estimates the sum of

somatic and mental health care expenses.

The goal of this research is to assess whether one risk equalisation model, that estimates the sum
of somatic and mental health care expenditures, is an improvement over two separate risk equalisation
models for somatic and mental health care. Using the following research question: Will integrating the
somatic and mental health care risk equalisation models into a single model result in more accurate

predictions of total expected health care costs compared to keeping two separate models?

Research on improving risk equalisation by combining somatic and mental health care models
is limited. Van Asselt et al. (2015) investigated a combined risk equalisation model integrating the
somatic care model with the short-term mental health care model, finding that the combined approach
performed slightly better. However, since that time, the short-term and long-term mental health care
models have been merged into a single model, and both the somatic and mental health care models have
developed (Cattel et al., 2017). As a result, the impact of combining the updated somatic and mental
health care models is uncertain. This uncertainty, alongside the potential for improved performance,

underscores the importance of further research in this area.

This paper is structured as follows. Chapter 2 discusses the relevant theoretical background,
including risk selection, the risk equalisation model, the possible outcomes when combining the two
models, and relevant outcome measures. Chapter 3 includes the methodology and description of how
analyses were conducted is presented. The results of the analyses are presented in Chapter 4, followed

by the final discussion and conclusion in Chapter 5.



Theoretical framework

Risk selection

In the Netherlands, the health insurance market for curative care is characterised by regulated
competition. This model encourages competition among both health care providers and health insurers
(van Kleefet al., 2013a). Providers compete on quality and price to attract contracts from health insurers,
while insurers compete with one another based on premiums and the quality of care they purchase from
care providers (Enthoven & van de Ven, 2007). However, market competition can also lead to
unfavourable outcomes. To mitigate these, the Dutch government enforces regulations aimed at
maintaining a balance between solidarity and incentives for efficiency and quality improvement (van
Kleef et al., 2013a). Solidarity is achieved through cross-subsidisation between low-risk individuals,
such as the young and healthy, and high-risk individuals, such as the elderly or those with chronic
illnesses. This requires effective risk pooling across a heterogeneous population. To ensure solidarity,
the government has implemented several regulatory measures: mandatory health insurance for all
residents, a standardised basic health care package that all insurers must offer, open enrolment policies
for the basic health care package, and community-rated premiums, which prohibit insurers from varying

premiums based on individual risk characteristics (van Kleef et al., 2013a).

While these regulations limit insurers’ ability to engage in risk selection they also increase the
incentive to do so, as risk selection becomes one of the few remaining strategies to achieve financial
equivalence (van Kleef et al., 2013a). Risk selection can take several forms, including product
differentiation, selective advertising and marketing, and one-stop shopping, where supplementary health
insurance — exempt from open enrolment regulations — is used strategically to attract low-risk

individuals (van Kleef et al., 2013a).

Risk selection is considered undesirable because it has three major consequences (van Kleef et
al., 2013a). First, it undermines the principle of solidarity, as low-risk and high-risk individuals end up
in different health plans, leading to premium differentiation based on health status rather than efficiency.
Second, it reduces efficiency, as insurers may focus on identifying and attracting low-risk individuals
instead of improving the overall efficiency of care delivery. Third, it diminishes the quality of care, as
insurers may avoid investing in improvements that primarily benefit high-risk individuals, thereby
discouraging their enrolment. To mitigate the incentives for risk selection, which are intensified by the
very regulations designed to promote solidarity, the Dutch government has implemented a risk

equalisation model for expected expenses within the basic care package (van Kleef et al., 2013a).

The risk equalisation model
The risk equalisation model mitigates potential incentives for risk selection by health insurers,
which arise from unpriced risk heterogeneity — the variance between an insurance contract’s predicted

expenses and the income it generates (van Kleef et al., 2024). To address this, the Dutch government



uses the risk equalisation model to predict annual health care expenses for each individual, based on
risk-adjustors, such as age & sex or socioeconomic status (van de Ven et al., 2022). Based on these
predictions, the government provides prospective payments to health insurers to compensate for the
expected health care costs of their enrolees. After these payments are made, insurers bear the remaining
financial risk. By reducing unpriced risk heterogeneity, the risk equalisation payments limit insurers’

incentives to engage in risk selection (van Kleef et al., 2024).

The Dutch risk equalisation system is divided into a somatic and mental health care model (van
Kleef et al., 2018). The third risk equalisation model for out-of-pocket expenses falls beyond the scope
of this paper. An important distinction between the risk equalisation models for somatic and mental
health care lies in the different risk-adjustors used (Cattel et al., 2024a). These risk-adjustors are
organised into various classes. The somatic care model includes 12 risk-adjustors with a total of 225
classes. In contrast, the mental health care model includes 8 risk-adjustors with 130 classes (Cattel et
al., 2024a). The complete list of risk-adjustors per model can be found in Table 1, along with the

corresponding definitions of the abbreviations.

Table 1: Risk-adjustors per model (number of classes) and corresponding definition

Somatic care model | Mental health care model Definition

Age & sex (42) Age & sex (30) Age & sex

AVI (36) AVI (29) Source of income

SES (12) SES (8) Socioeconomic status

PPA (19) PPA (18) Persons per address

FKG (49) FKG (10, different classes) Pharmacy cost groups

DKG (27) DKG (17, different classes) Diagnostic cost groups

Region (10) Region (10, different classes) | Region

MHK (9) MHK (8, different classes) Multiple year high costs

FDG (35) Physiotherapy diagnostic groups
MVV (10) Multiple year V&V (nursing & care) costs
HSM (2) Historic somatic morbidity

IBZ (4) Indication pregnancy/delivery

Four risk-adjustors in Table 1, namely age & sex, AVI, SES and PPA, are shared by both the
somatic and mental health care models (Cattel et al., 2024a). In addition, both models include FKG,
DKG, region, and MHK, although the specific classes within these risk-adjustors differ between the two
models. The somatic care model also incorporates four additional risk-adjustors that are absent from the
mental health care model: FDG, MVV, HSM, and IBZ. Furthermore, the somatic care model uses MFK
(multiple-year pharmacy costs) as a constraint in the regression (Cattel et al., 2024a). However, this
constraint is not included in this study, as research on the risk equalisation model by the Ministry of
Health, Welfare and Sport (VWS) is conducted without constraints (Smeets, 2024) and MFK was not

included in the dataset. Therefore, MFK will not be discussed further. A final point of divergence



between both models is that the mental health care model applies only to individuals aged eighteen and
older, since mental health care expenses for minors are covered under the Youth Care Act rather than

the Health Insurance Act (Nederlands Jeugdinstituut, n.d.)

The predictive performance of the mental health care model is lower than that of the somatic
care model (van Asselt et al., 2015). This could be because of the model’s limited predictive capacity or
because mental health care expenses tend to be more right skewed, making them inherently more
difficult to predict (van Asselt et al., 2015). As a result, ex-post regulations have been introduced to
protect health insurers from excessive financial risk. These are regulations made after actual expenses
are known, in contrast to the ex-ante payments, which are prospective payments made before care is
delivered. For the somatic care model 75% of health care expenses above €400,000 are reimbursed
(PWC, 2023; Cattel et al., 2024b). In contrast, the mental health care model is subject to both a
bandwidth correction beyond -10/+10 euros (Agema, 2024) and 90% reimbursement for the top 0.5%
expenses (Cattel et al., 2024b). However, a key drawback of ex-post regulations is that they weaken
cost-containment incentives for insurers (Douven, 2010; PWC, 2023). Therefore, improving the
predictive accuracy of the risk equalisation model is a priority, with the goal of phasing out reliance on

ex-post measures — without increasing incentives for risk selection.

Combining the somatic and mental health care model

Combining the two models, by estimating the sum of somatic and mental health care expenses
with one model, could be beneficial for the predictive accuracy. However, outcomes could also be
unfavourable. From a theoretical standpoint, integration may improve the predictive accuracy, because
of the strong interconnection between somatic and mental health care (Zheng et al., 2024). For example,
patients with a depression have a 60% larger risk of developing type 2 diabetes, and patients with
diabetes are two to three times more likely to develop a depression (Zheng et al., 2024). Health care
costs for these types of patients are likely to be better predictable by a combined model, as it includes
all risk categories and captures cross-domain correlations and interaction effects that separate models

may miss.

Another reason why a combination of the two models might improve predictive accuracy is
related to the skewness of cost distributions (van Asselt et al., 2015). Mental health care costs tend to be
very right skewed, while somatic care costs are less skewed. Combining these costs could potentially
reduce overall skewness if the less skewed somatic costs moderate the mental health care expenses (van
Asselt et al., 2015). However, depending on the proportions and correlations, combining the costs might

also increase overall skewness, making prediction of the health care expenses more challenging.

Empirical results also do not provide a definitive answer to the question of whether combining
the somatic and mental health care model leads to improved predictive performance. For example,

Germany’s risk equalisation model demonstrates that both types of health care expenses can be predicted



within a unified framework (Bundesministerium fiir Gesundheit, n.d.). While a 2013(b) study by van
Kleef et al. compared the German and Dutch risk equalisation model — reporting a higher R? for the
Dutch somatic care model — this comparison should be interpreted with caution, as differences in data
and dependent variable limit the validity of a direct comparison, as will be explained later this chapter.
Even if the Dutch somatic care model outperformed the German model, this does not necessarily imply
that combining cost types reduces performance, since it is only compared with the somatic care model
and not with the mental health care model. Moreover, there are more differences between the Dutch and
German model than only the combination of health care costs. Lastly, both countries have since then
updated and refined their models (van de Ven et al., 2024), making it even more difficult to determine

whether combining health care costs leads to improved predictive accuracy.

Still, research by van Asselt et al. (2015) supports the combination of the two models. In their
study, the short-term mental health care model was integrated with the somatic care model, resulting in
a slight improvement in predictive performance. However, van Asselt et al.’s research focused only on
short-term mental health care, whereas in 2018, the short-term and long-term models were combined
following the transfer of long-term care to the Health Insurance Act in 2015 (Cattel et al., 2017).
Although the models have evolved since then and the findings are therefore not conclusive for the
current context, this research provides a valuable indication of the potential improved performance of

combining the present-day somatic and mental health care models.

Outcome measures

To assess whether the predictive performance increases when combining the somatic and mental
health care model multiple outcome measures are considered to make a balanced decision. One measure
used in this study is the R? from the regression analysis — a measure that “indicates the proportion of the
total variance in individual expenditures that is explained by the linear influence of the set of risk
adjusters, and ranges between zero and one” (van de Ven & van Kleef, 2024, p. 5). In other words, it
indicates how much of the variance between the values is explained by the variables in the regression.
To guide this assessment, the study considers the work of van de Ven and van Kleef (2024), who discuss
the R? as an indicator of how well risk equalisation payments reduce predictable profits and losses for
insurers. They caution that the R* is difficult to interpret, can lead to wrong and misleading conclusions,
and is not useful for measuring selection incentives. However, they also highlight that the R? is valuable
for comparing different risk equalisation formulas when using the same dependent variable with the
same dataset (van de Ven & van Kleef, 2024). Since this study uses the dependent variable for testing
different models, R* will serve as a useful measure for analysing the predictive performance of the

difference risk equalisation formulas.

Besides the R*, Cumming’s Prediction Measure (CPM) will also be used. CPM is “the
proportion of the mean absolute deviation from the mean expenses that is explained or predicted by the

linear influence of the set of risk adjusters” (van de Ven & van Kleef, 2024, p. 12). This means that the
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CPM, just as the R% can describe the variance explained by the model on a scale from zero to one
(Cumming et al., 2002). The R?, however, is very sensitive to large errors, because the square of each
prediction error is taken, while CPM uses the absolute values of these errors, and is therefore less

sensitive to these large outliers (Cumming et al., 2002).

Lastly, the Mean Absolute Percentage Error (MAPE) will be taken as an outcome measure. The
MAPE is the average of the absolute percentage errors (Kim & Kim, 2016). It is calculated by dividing
the residuals (i.e. actual expenses minus predicted expenses) by the actual expenses and multiplying by
100. MAPE is especially useful to gain insight in relative errors, since it provides an intuitive measure
(de Myttenaere et al., 2016). The lower the MAPE the better, since a MAPE of 88% implies that on

average the predictions are 88% off from the real values (Coralogix, 2023).

Other outcome measures are based on the criteria established by the Ministry of VWS (Cluster
Risicoverevening, 2024). These measures are divided into individual-level and subgroup-level
indicators. Individual-level indicators show how well the risk equalisation works per person, while the
subgroup-level indicators assess the predictive accuracy within certain groups in the total population.
The subgroup level is considered more significant, as health insurers primarily perform risk selection at
this level. In this study both levels will be evaluated. The R2, CPM and MAPE will be used to evaluate
the individual level. For the subgroup level the under- and overcompensation for different subgroups

(e.g. yes/no mental health care costs) will be assessed.
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Research methods

Data collection

For this study, data from the Central Bureau of Statistics (CBS) were used. Access to the data
for scientific research purposes was requested and granted. The CBS provides data on all health care
expenses and risk-adjustors per individual in the Netherlands for a specific year. A sample of 1.6 million
individuals, for whom data from Nivel Primary Care Database (Nivel-PCD) were available, was used
for analysis. Nivel-PCD contains data from general practitioners regarding health care usage and
diagnoses (Vanhommerig et al., 2025; Nivel, 2022; Overbeek, n.d.). As a result, additional information
on both somatic and mental health conditions is available for all individuals, making it possible to use
this information for accurate subgroup analyses. All analyses were conducted using Stata 16.0, and

Excel 2016 was used to visualise the graphs presented.

For this sample, data on somatic and mental health care expenses for the year 2022 (t-3) were
available, along with dummy variables for the classes of the risk-adjustors in 2024 (t-1), corresponding
with the required risk-adjustors of the 2025 risk equalisation model (Table 1). All individuals under the
age of eighteen were excluded from the analysis, as their mental health care expenses were not included
in the data due to these being reimbursed under the Youth Act rather than the Health Insurance Act.
Classes relevant only to individuals under the age of eighteen, such as socioeconomic status for the ages
zero to seventeen, were also excluded. Health care expenses were adjusted to reflect full-year enrolment.
To account for this, the dataset included a weight factor that corrected for both the duration of enrolment
and for how representative each individual was of the total population covered by the Health Insurance
Act. Since individuals in the Nivel-PCD data were not fully representative of the total population, those
who are underrepresented received a higher weight, while those who are overrepresented received a

lower weight — it is the inverse of the probability of an observation being selected into the sample.

Since all classes of the risk-adjustors were dummy variables, a reference group was defined for
the analysis. The reference group is defined as men between 18 and 24 years old, with a very low socio-
economic status, who are employed, not living in a long term care facility or a one person household
(residual group of persons per address), have no DKG, FKG or MHK for somatic or mental health
illnesses, live in region 1 for the somatic care model and region 1 for the mental health care model', and

have no FDG, MVV, HSM or IBZ.

Primary analysis: regression
In this study, two models are discussed and compared. The combined model estimated total
health care costs using all available risk-adjustors, while the separate models consisted of distinct models

for somatic and mental health care costs. To assess whether total health care expenses can be predicted

! Region is not a specific location but is formed by taking into account environmental factors (e.g. number of
psychiatric facilities in the neighbourhood)
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more accurately using a combined model than with separate models, both the combined and separate
models were estimated using Ordinary Least Squares (OLS) regression. In practice, since 2024, the
somatic care model has used a constrained regression approach instead of OLS (Cattel et al., 2024a).
However, all preliminary research on the somatic risk equalisation model is still conducted using
unconstrained OLS regression (Smeets, 2024). The mental health care model, in contrast, applies
quadratic programming in practice to ensure that the normative cost assigned to each insured individual
is greater than or equal to zero (Cattel et al., 2024a). Although these methods offer more precise control,
OLS provides a sufficiently accurate and widely accepted baseline for comparing model performance
in this study. While this simplification does not fully capture the complexity of the operational models,

it enables a transparent and interpretable comparison, which is the aim of this study.

The following formulas were used to estimate the separate models:

Ysomatic = @&Xsomatic T Esomatic

Ymental health = ﬁXmental health + E€mental health

These models were estimated using weighted linear regression, where the health care expenses (y) were
regressed on risk-adjustor classes in X with corresponding coefficients o and P, and residuals e.
Probability weights (pweight) were applied to ensure that individuals with partial-year enrolment and
individuals that were over- or underrepresented were appropriately weighted in the estimation. Pweight
is a function in Stata, used to account for unequal probabilities of selection in survey data. If an
individual has a higher weight, this results in a higher contribution to the estimation of the regression
coefficients, but the variables do not get multiplied by the weight (Linacre, n.d.; StataCorp, 2019). The
variable Xsomaic included the risk-adjustor classes for the somatic care model, while Xmental heat included

the risk-adjustor classes for the mental health model, as described in Table 1.

For the combined model, total health care expenses (Yiotal = Ysomatic T Ymental health) Were estimated

using the following formula:

Yeotat = YXtotar + Etotal

In this formula, the total predicted health care costs (Jiowa1) Were obtained by multiplying the estimated
coefficient for each variable (y) by the corresponding risk-adjustor class (Xwot), resulting in the error
term &t The variable X0 consists of all risk-adjustor classes from both the somatic and mental health
care models, with any duplicates included only once. As with the separate models, the regression was
estimated using probability weights (pweight) to account for differences in enrolment duration and

representation for the population enrolled under the Health Insurance Act.

Primary analysis: comparison
After estimating both the combined and separate models, the results were compared to evaluate

predictive accuracy. The primary objective was to compare the predicted total health care costs from the
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combined model (Proral) With the sum of the predictions from the separate models (Jsomatic T Pmental health)-
The predictive performance of models was assessed using R?, CPM and the MAPE. In addition, the
individual R? values for the somatic and mental health care model were calculated, as well as the R?
values obtained by using all risk-adjustors from the combined model to estimate somatic and mental

health care costs separately.

Initially, only the classes of one risk-adjustor — age & sex — was included in the models, and the
performance metrics were reported. Subsequently, additional risk-adjustors were added incrementally,
and the analysis was repeated at each step. The risk-adjustors were added in the following order: age &
sex, SES, AVI, PPA, DKG, FKG, MHK, region, FDG, MVYV, IBZ, and HSM. The process began with
the risk-adjustors common to both models, followed by those that differed in classes, and finally, those

unique to the somatic care model.

The comparison between the R? values was done using the following formulas:

Z?=1(£i,total)2

- _ 2
Z?:1(J/i,total_ Ytotal)

n 2
Ei=1(£i,somatic + &imental health)

2 — 2 —
Rtotal =1 VS. Rapart =1

S OVisomatic + Yimental health— Ysomatic— Ymental health)?

Here, Vo denotes the mean of total health care expenses, while Vsomatic and Vmental heattn TEpresent the
mean of somatic and mental health care costs, respectively. Pweights was incorporated in the analysis
as described earlier. It is important to note that €. does not necessarily equal €somatic + Emental health, dUE
to the separate estimation processes and different coefficient structures. As a result, the R* value of the
combined model can differ from that of the separate models, which is an indicator of predictive

performance.

The comparison between the CPM and MAPE was conducted using the following two formulas:

For CPM:

Yitilgitotal T le tic * Eimental health
CPMtotal =1— _ i 1| ito zz| Vs. CPMapart =1-— _ i 1| isomatic L,m_en al hea _l
Ei=1|3/i,total_3/total| Zi=1|Yi,samatic + Yimental health—Ysomatic— Ymental health
For the MAPE:
1 Eitotal 1 &i, tic t €imental health
MAPE o) = 100237 2009t g MAPE 40, = 100> Y7, |Fisomatic * Simentathea
n Yitotal n YisomatictYimental health

From this point onward, all analyses included the full set of risk-adjustors. To assess whether the
outcomes differed significantly, bootstrap analyses were performed. Bootstrapping involves repeatedly
drawing random samples from the data with replacement, meaning some observations may be included
more than once, while others may not be included at all (Stat20, n.d.). This process was repeated 500
times for all analyses, which is the recommended number for obtaining a confidence interval (Stat20,
n.d.). In each iteration, both the R? for the combined model and that of the separate models were
calculated using the same bootstrap sample. The difference between the two R? values was then
computed by subtracting the R? of the separate models from that of the combined model (R%otal - Raparc).

After the bootstrap procedure, the mean difference, 95% confidence interval, standard error, and p-value
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were reported by Stata. This entire bootstrap analysis was conducted separately for CPM and the MAPE

as well.

In this study, eight classes were omitted from the regression due to collinearity. These were
primarily age-specific classes, such as those related to age and sex, AVI, SES, and PPA. Because the
bootstrap analysis could not be performed with this many omitted variables, the excluded classes were
progressively combined with adjacent or related age classes within the same risk-adjustor. This iterative
process continued until only one class remained omitted. To maintain model interpretability and avoid
excessive aggregation, a maximum of three classes were combined per grouping. This approach resulted
in 35 original classes being consolidated into 15 new classes. The complete list of class-combinations is
provided in Appendix 1. Only one class, FKG2 of the mental health care model (addiction excluding
nicotine addiction), remained omitted only in the combined model. This class could not be meaningfully
merged with any other class and was therefore not combined. To assess the impact of combining classes,
the R%, CPM and MAPE were also calculated for the regression using the combined classes. All analyses,

except for the bootstraps, were conducted using the model without combined classes.

Primary analysis: subgroup analysis

For the subgroup analyses, the over- and undercompensation within several subgroups was
assessed. The following subgroups were examined: the top 5% of individuals based on somatic care
expenses, the top 5% of individuals based on mental health care expenses, the top 5% of individuals
based on total expenses, individuals with chronic somatic illnesses (including all 106 chronic somatic
illnesses reported by the Nivel-PCD data), individuals without chronic somatic illnesses, individuals
with chronic psychiatric illnesses (including five chronic psychiatric illnesses reported by the Nivel-
PCD data), and individuals without chronic psychiatric illnesses. Over- and undercompensation were
assessed by calculating the weighted mean residuals for each subgroup. Individual residuals (i.e. the
difference between actual and predicted expenses) were multiplied by the corresponding individual
weights. The average of these weighted residuals was then divided by the mean weight of 11.85 to
prevent inflation of the residuals due to the weighting. Paired t-tests were used to assess whether the

predicted costs from the combined and separate models differed significantly per subgroup.

Additional analyses

In addition to the main analyses, additional analyses were conducted to provide further insight
into the relationship between somatic and mental health care expenses. First, the relation between
somatic and mental health care expenses was examined by calculating the correlation between the two.
This correlation informs the potential value of combining them into a single model. In the case of a
strong negative correlation, high somatic care costs tend to be associated with low mental health care
costs, and vice versa. In this case, the combined model would need to capture two opposing trends,

likely resulting in reduced predictive power. However, a negative correlation can also help reduce the
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right skewness of the total health care costs, as extreme values in one domain are offset by lower values
in the other. Conversely, a strong positive correlation implies that both types of costs tend to increase or
decrease together. In that case, combining the models might not add much predictive value, as the shared
variance is already captured. Additionally, the overall skewness of total costs may increase, since high
costs from both domains are compounded. If the correlation is close to zero, this suggests that somatic
and mental health care expenses are largely independent. A combined model may then improve
predictive performance by capturing additional variance associated with each domain, which is not

explained by the other.

Second, to assess the effect of excluding individuals under the age of eighteen, the somatic care
model was re-estimated, including all individuals and associated classes for this age group. The R? of
this revised model was compared to the model used in this study and to that of the real model, providing

insight into how representative this simplified research is for the real Dutch risk equalisation model.
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Results

Data description

The final dataset included 1,614,109 individuals, of whom 1,184,748 were above the age of
eighteen, and thus included. When applying weights, this corresponded to 17,310,265 individuals in the
total population, with 14,044,432 individuals aged eighteen or older. To give a visual representation of
the individuals included, regarding their sex and age, source of income and socioeconomic status, their
frequencies are shown in Figure 1, 2 and 3. The numbers are weighted, since all analyses were conducted

using the weight correction.
Figure 2
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Figure 1 shows the number of weighted individuals on the y-axis and on the x-axis the different
age groups for men and women. As can be seen, the distribution of men and women was nearly equal,
with a slightly higher proportion of women included, mostly in the older age groups. Figure 2 shows the
number of weighted individuals per class within the socioeconomic status risk-adjustor. Socioeconomic
status was divided into four groups: very low, low, average and high. These groups were further divided
by age, with categories for individuals below and above 70 years old. In the graph can be seen that there
were fewer individuals with low socioeconomic status compared to individuals with very low, average

and high socioeconomic statuses, which were almost equally distributed.
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The graph in Figure 3 shows the number of weighted individuals per source of income risk-
adjustor class. Source of income was divided in eight groups, which were further divided by age. The
IVA group consists of individuals who were incapacitated for work with little to no prospect of recovery.
The group AO excl. IVA included individuals who were also unable to work, but did not meet the criteria
for IVA. The remaining categories comprised recipients of income support, students, self-employed
individuals, highly educated individuals, individuals above 70 years old (retired) and the reference
group, which included those employed by an organisation or company. This reference group was the

largest group across all age categories, whereas the IVA group had a minority for all age groups.

The distribution of the health care expenses for both somatic and mental health care are shown
in Figure 4 and 5, with the percentage of the total population on the y-axis and the amount of health care
expenses in euros on the x-axis. Both somatic and mental health care costs were severely right skewed.
For somatic care costs 74.0% of the individuals had costs between €0 and €2,000, and 2.7% had
expenses above €20,000. For mental health care costs 93.7% of the individuals had costs between €0
and €100 and 4.7% of the individuals had expenses above €1,000. Next to the total distribution, also the
distribution of health care expenses was shown for both the classes of age and sex and source of income.
In Figure 6 the health care costs per age and sex class is shown. It shows that somatic care costs were
increasing with age, while mental health care costs decreased. Somatic care costs for women were higher

until the age of 55-59, afterwards costs for men were higher.
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Mean individual somatic and mental health care costs per source of income class
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Figure 7 shows the health care expenses on the y-axis and the source of income classes on the
x-axis. [llustrating that the health care expenses differed between these classes. Individuals that were in
the IVA, AO excl. IVA or income support classes, had higher health care expenses compared to the other
classes, for both somatic and mental health care expenses. Individuals in the 70+ class also had higher

health care expenses, but these consisted of almost only somatic care costs.

Primary analysis: regression & comparison

The results of incrementally adding new risk-adjustors to both models are shown in Figures 8,
9, and 10. On the y-axis the values of the corresponding outcome are shown, while the x-axis shows
which risk-adjustor is added onto the previous ones in the model. The R? is shown in Figure 8, where it
increased with every risk-adjustor added for both the combined and separate models. At all points, the
R? of the combined model was either equal or improved compared to the separate models. As was also
the case for the CPM, which is shown in Figure 9. Initially, R2 was lower than CPM, but this relationship
inversed after the addition of the DKG risk-adjustor. Only when all risk-adjustors were included, and
solely in the combined model, did the CPM again exceed the R*. The MAPE, shown in Figure 10,
increased after adding the second and third risk-adjustor, but after that it decreased. A lower MAPE was
better than a high MAPE. For all points the MAPE was either equal or lower for the combined model.
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Figure 10
MAPE per added risk-adjustor
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The difference between the combined model and the separate model for each added risk-adjustor

is shown in Table 2. All values were in favour of the combined model. For the R?> and CPM the values

were positive, which means the combined model had a higher R* and CPM. For the MAPE the values

were negative, which means that the MAPE was lower for the combined model compared to the separate

model, and thus better. As can be seen, the differences between the two models only occurred after the

DKG has been added, before then, the difference between all three outcome measures was zero.

B;flj)’;ereznce in outcome measures between the combined and separate models per risk-adjustor added

R’ CPM MAPE
+lg 0.0000 0.0000 0.0
+ses 0.0000 0.0000 0.0
+avi 0.0000 0.0000 0.0
+ppa 0.0000 0.0000 0.0
+dkg 0.0003 0.0016 -8.0
+kg 0.0003 0.0010 4.3
+mhk 0.0002 0.0009 9.2
+region 0.0002 0.0009 -10.0
+dg 0.0002 0.0009 9.4
+mvv 0.0002 0.0010 -8.7
+ibz 0.0002 0.0009 7.2
+hsm 0.0002 0.0008 5.5

Both the somatic and mental health care model were included in the separate models. Including

all risk-adjustors, the somatic care model achieved an R? of 0.3530, while the mental health care model

had an R? of 0.2565. These results yielded an R? of 0.3447 for the separate models. In contrast, the

combined model — after including all variables — achieved an R? of 0.3449. When estimating only

somatic care costs, using all risk-adjustors of the combined model, the R? was 0.3531; for mental health

care costs the R* was 0.2575. The correlation between the somatic and mental health care expenses was
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low, at 0.018 (Table 4). The CPM was 0.3452 for the combined model and 0.3444 for the separate
models. Finally, the combined model had a MAPE of 816, while the separate models had a MAPE of
822.

To run the bootstrap, 35 classes were combined into 15 combined classes. After the classes were
combined, the R* was 0.3446 and 0.3444 for the combined and separate models, respectively. This was
a change of 0.0003 for both the combined and separate models compared to the models without
combined classes. The CPM differed with 0.0001 from the original models after classes were combined,
with a CPM of 0.3451 for the combined model and 0.3443 for the separate models. The MAPE was 806
and 812 for the combined and separate models, respectively, changing both with 10 compared to the
original models. The difference between the combined and separate models, as calculated in the
bootstrap, was 0.00019 for the R?, in favour for the combined model (95% CI: 0.00013 — 0.00026). This
difference was statistically significant with a p-value of 0.000. For the CPM the difference was 0.00078
(95% CI: 0.00057 — 0.0010), which was also in favour of the combined model and statistically
significant (p-value = 0.000). Lastly, the MAPE differed 5.256 (95% CI: 0.622 — 9.889) between the
combined and separate models, in favour of the combined model, and was also statistically significant

with a p-value of 0.026.

Primary analysis: subgroup analysis

Per subgroup the mean undercompensation was calculated, to assess the predictive accuracy.
For all subgroups, the combined model has less over- or undercompensation compared to the separate
models. The mean undercompensation per subgroup is presented in Table 3. It shows the number of
individuals and the mean weighted undercompensation per subgroup for both the combined and the
separate models. The top 5% of individuals based on somatic care costs included 59,238 non-weighted
individuals. In both the combined and the separate models, these individuals were severely
undercompensated with an average of €15,811 and €15,819, respectively. The difference between the
models was only €9 but it was statistically significant with a p-value of 0.000. At this subgroup level,
there was a very small correlation between somatic and mental health care expenses, with a coefficient

0f 0.053. Table 4 shows all correlation coefficients per subgroup.

The top 5% of individuals based on mental health care costs included 59,237 non-weighted
individuals, who were less undercompensated compared to those in the top 5% of individuals based on
somatic care expenses. However, they still experienced a mean undercompensation of €3,600 with the
combined model and €3,749 with the separate models. The €149 difference, in favour of the combined
model, was also statistically significant (p-value = 0.000). At the sample level, this corresponds to a
decrease of €8.8 million in undercompensation for this subgroup. The correlation between the somatic

and mental health care expenses in this subgroup had a coefficient of -0.006.

For individuals in the top 5% of individuals based on total expenses, the combined model

resulted in €48 less undercompensation compared to the separate models, which was statistically
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significant with a p-value of 0.000. Still, the mean undercompensation was €17,539 and €17,587 per
individual for the combined and separate models, respectively. For this subgroup, the correlation

coefficient was the largest, compared to the other subgroups, with a correlation coefficient of -0.131.

For the subgroups with and without chronic somatic or psychiatric illnesses, the results also
favour the combined model. Individuals with a chronic psychiatric illness (n = 34,313) have on average
€73 less undercompensation with the combined model compared to the separate models (€51 vs. €123,
respectively). This difference was statistically significant (p-value = 0.000). Among the 1,150,435
individuals without a chronic psychiatric illness, the combined model resulted in €2 less
overcompensation compared to the separate models, which was also statistically significant (p-value =
0.000). At the sample level, this corresponded to a reduction of slightly more than €2 million in
overcompensation. The correlation coefficient for these subgroups was 0.027 for individuals with a

chronic psychiatric illness and 0.014 for those without.

The last two subgroups, individuals with or without chronic somatic illness, had a correlation
coefficient of 0.016 and 0.023, respectively. Individuals with a chronic somatic illness (n = 631,225)
had a mean undercompensation of €56 with the combined model and €60 for the separate models. The
difference of €4 was statistically significant (p-value = 0.000). The 553,532 individuals without chronic
somatic illness were €5 less overcompensated using the combined model compared to the separate
models (€64 vs. €69, respectively). This difference was statistically significant with a p-value of 0.000.

Table 3
Mean undercompensation per individual per subgroup

Subgroup Individuals Mean Mean Difference in
per subgroup | undercompensation | undercompensation | undercompensation
combined model separate models between combined
and separate model
Top 5% of individuals based 59,238 € 15,811 € 15,819 €9
on somatic care costs
Top 5% of individuals based 59,237 € 3,600 € 3,749 -€ 149
on mental health care costs
Top 5% of individuals based 59,237 €17,539 €17,587 €48
on total health care costs
Chronic psychiatric illness 34,313 €51 €123 €73
No  chronic  psychiatric 1,150,435 €2 €4 €2
illness
Chronic somatic illness 631,225 € 56 €60 €4
No chronic somatic illness 553,532 -€ 64 -€ 69 €5
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Additional analyses

The R?, including also individuals under the age of eighteen, for the somatic risk equalisation

model was 0.3198.

g?iilition coefficient per subgroup for somatic care costs v. mental health care costs
Group Correlation coefficient
Total cohort 0,018
Top 5% of individuals based on mental health care costs 0,053
Top 5% of individuals based on somatic care costs -0,006
Top 5% of individuals based on total health care costs -0,131
Chronic psychiatric illness 0,027
No chronic psychiatric illness 0,014
Chronic somatic illness 0,016
No chronic somatic illness 0,023
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Discussion and conclusion

Summary of main key findings

This study set out to examine the effects of combining the Dutch somatic and mental health care
risk equalisation models compared to maintaining two separate models. The central research question
was: Will integrating the somatic and mental health care risk equalisation models into a single model
result in more accurate predictions of total expected health care costs compared to keeping two separate
models? The results indicate that, for every outcome measure, the combined model improves predictive
performance relative to the separate models. Statistically significant improvements were observed in the
R2, CPM and MAPE metrics, with differences of 0.00019, 0,00078, and 5.256 respectively. At the
subgroup level, the combined model showed more notable effects. In almost all subgroups, the mean
undercompensation was lower using the combined model, indicating better alignment between predicted
and actual costs. The only exception was among individuals without chronic somatic or psychiatric

conditions, where overcompensation decreased.

Interpretation of findings

To assess the practical relevance of the findings, it is important to look beyond the statistical
significance. Although the improvements in R?, CPM and MAPE are statistically significant, the
absolute differences are minimal. For instance, a change of 0.00019 in R? is unlikely to be meaningful
on an individual level. The typical monotonicity property of R* — that it will always increase when
additional variables are included (James et al., 2021) — does not apply here, since this analysis compares
total costs in the combined model to the sum of predictions from the two separate models, rather than
adding predictors to a single model. As such, these findings provide an important insight: predictive
performance does not decline when switching to a combined model, which supports the feasibility of

integrating the somatic and mental health care model.

The relevance of the differences in over- and undercompensation at the subgroup level must be
interpreted considering subgroup sizes. A relatively large reduction in undercompensation for a small
subgroup may have less overall impact than a modest reduction for a large subgroup. As shown in the
results, the most substantial improvement is observed individuals with the top 5% of individuals based
on mental health care costs. This group contains almost all individuals with mental health care expenses,
since 94% of the individuals have no mental health care costs. For this group, the decrease in
undercompensation corresponds to an average per-person improvement of €149, which translates into
an estimated total effect of €8.8 million on the sample level (unweighted). If health insurers engage in
risk selection, they are more likely to do so at the group level, as such groups are easier to identify.
Therefore, the substantial decrease in undercompensation for individuals with high mental health care
expenses represents a meaningful improvement. This reduction could significantly decrease insurers’

incentives to avoid individuals with high mental health care costs. Taken together, these findings suggest
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that a combined risk equalisation model could be beneficial, particularly in improving health care

expenses for high-cost mental health users, without introducing distortions in other subgroups.

The improvement in predictive accuracy observed with the combined model is more likely
attributable to the reduction in skewness than to the mere addition of risk-adjustors. When comparing
the R? of the somatic and mental health care models to those obtained by separately estimating somatic
and mental health care costs using the combined model’s risk-adjustors, the increase in R2is 0.0001 for
somatic care costs and 0.001 for mental health care costs. This modest gain suggests that simply adding
more risk-adjustors, particularly in the case of mental health care expenses, does not substantially
improve predictive accuracy. Instead, the improvement is more plausibly explained by the reduced
skewness of mental health care costs that results from aggregating somatic and mental health care

expenses into total expenses.

Comparison with previous research

These findings are consistent with those of van Asselt et al. (2014), who also reported a modest
improvement in predictive accuracy when integrating short-term mental health care model with the
somatic care model. In their study, the R* increased marginally from 0.223 to 0.224 — a larger
improvement than observed in the present study where the R? increased from 0.3447 to 0.3449. The R?
in their study is also more than 0.1 lower than the R? in this study, most likely because the somatic care
model has been improved annually over the past ten years, leading to a higher R%. However, unlike the
current research, van Asselt et al. did not examine the effects of model integration on subgroup-level
compensation, which is a key contribution of this research. In addition to the subgroup-level analysis,
the present study extends the scope by having included long-term mental health care in the combined
model. Even though the overall differences between the separate and combined models are smaller than
those reported by van Asselt et al., the results still show a positive effect on predictive performance. This
suggests that model integration remains beneficial, even when long-term mental health care is included

— a dimension not previously addressed in literature.

Limitations and validity

Even though this study is considered a valid representation of real-world practice, several
limitations must be acknowledged. First, individuals under the age of eighteen were excluded, as their
mental health care costs are reimbursed under the Youth Act rather than the Health Insurance Act. In
practice, however, health care costs of minors also need to be predicted for accurate risk equalisation. It
would be inaccurate to assume that minors have no mental health care expenses for the model. Since the
model aims to capture total health care costs, omitting mental health care expenses for individuals under
eighteen results in an inconsistent dependent variable. This inconsistency would undermine the integrity
of the combined model as it captures a different cost structure for minor than for adults. As somatic and
mental health care costs may be correlated, this omission may also lead to biased or incomplete

predictions. A potential solution would be to apply the previous somatic care model to individuals under
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eighteen, while using the combined model for the rest of the population. However, this approach would
still require maintaining two models, potentially reducing the administrative and analytical advantages

of adopting a unified model.

A second limitation of this study is the use of the OLS regression. OLS is generally less suited
for predicting skewed distributions, and both somatic and — especially — mental health care expenditures
are strongly right skewed. For this reason, in practice, somatic care costs have been predicted using
constrained regression since 2024, while mental health care costs are modeled using quadratic
programming (Cattel et al., 2024a). Although the models used in this study are not identical to the
operational models applied in practice, they align with the broader methodological framework used in
risk equalisation research. Specifically, the Dutch Ministry of VWS conducts all its research on the
somatic care model using OLS regression, with constrained regression applied only in the final
calculation stage at the end of the year (Smeets, 2024). In this context, the use of OLS in this study is
consistent with standard research practice. Therefore, while there are valid arguments against using OLS
for predicting highly skewed outcomes, its application in this study is justified. It ensures comparability
with previous research and reflects the analytical approach most used in developing the Dutch risk

equalisation system.

A third limitation of this study is that multiple classes had to be combined in order to perform
the bootstrap procedure in Stata. Specifically, 35 original classes were merged into 15 new classes to
address issues of collinearity that otherwise prevented model estimation in the bootstrap. The classes
most affected were those that included age grouping, even the classes that were not in the age and sex
risk-adjustor. This likely led to overly specific groupings with overlapping characteristics, thereby
increasing the risk of collinearity. Notably, no strong correlations were found between the omitted
classes and the other classes. The omission of classes in this analysis — unlike in the real-world model —
may be due to the absence of constraints, which the actual model uses to address such issues.
Nevertheless, combining classes had a small effect on the R? It changed by only 0.0002 for the
combined model, as well as the separate models. Since the difference in R? between the combined and
separate models was the same, the bootstrap results are still considered representative of the true

difference in predictive performance between the two model types.

Since this study aims to reflect the real-world risk equalisation model, the R? of the somatic care
model — including individuals under the age of eighteen — was compared to the R* reported in the
Ministry of VWS’s Overall Test from last year (Cattel et al., 2024b). Both models use the same
specifications and data source, with the only difference being that the Ministry’s model is based on the
full national dataset (~17 million individuals), while this study used a 10% sample. However, the sample
in this study was weighted to match the full dataset in terms of key demographic and risk characteristics,
ensuring that the results are representative for the total population. In this study, the R? for the somatic

care model with minors included was 0.320, compared to 0.323 in the real model. A direct comparison
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is valid here, as both models regress the same dependent variable on the same datasets using the same
structure (van de Ven & van Kleef, 2024). The slightly higher R? in the Ministry’s model can be
attributed to the use of constraints, which were not applied in this research. Nevertheless, the R? values
differ by only 0.003 indicating that the simplified version used in this study closely mirrors the predictive
performance of the real model. This supports the conclusion that the model used in this research is a

valid and useful approximation of the operational model used in practice.

Implications for policy

An important consideration is the complexity of the models, which has recently been explicitly
included in the Ministry of VWS’s model evaluation framework (Cluster risicoverevening, 2022).
Combining the somatic and mental health care models may initially increase complexity, particularly
during the transition phase. In the long-term, the model will contain all risk-adjustors from both existing
models, which could suggest an increase in structural complexity. However, since the data sources
remain unchanged, and the structure of how risk-adjustors are applied is also preserved, this complexity
may be more limited than expected. Moreover, maintaining and updating a single model over time could
reduce the overall workload, as only one model would need maintenance. This may help streamline
development and prevent the risk of neglecting one of the separate models. Therefore, despite a possible
short-term increase in complexity, the combined model could offer a more efficient and sustainable long-

term solution.

Suggestions for future research

Based on the findings in this study, it is recommended that the Ministry of VWS considers
combining the somatic and mental health care risk equalisation model into a single combined model.
However, before implementation, several areas require further investigation. First, additional research
should focus on the prediction of health care costs for individuals under the age of eighteen, who were
excluded from this analysis. Accurate modelling for this population is essential for the risk equalisation
for insurers. Second, further study is needed on the application of constraints within the combined
model. This includes evaluating the influence of current constraints and exploring the potential impact
of alternative constraints. Third, it would be valuable to investigate alternative estimation methods for
the combined model, such as constrained regression or quadratic programming, to determine whether
they offer improvements in predictive performance. Finally, it is recommended that the Ministry consult
with experts in model complexity to carefully assess the trade-offs between increased model complexity

and long-term efficiency, ensuring that any transition to a unified model is both feasible and sustainable.

Conclusion

In conclusion, this study demonstrates that combining the somatic and mental health care risk
equalisation models can lead to modest yet meaningful improvements in predictive performance,
particularly for chronically ill and those with high health care expenses. While statistical significance

does not always translate into large gains in R?, CPM or MAPE, the observed reduction in
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undercompensation for individuals with high mental health care costs indicates a potential for improved
financial equity. This, in turn, could help reduce insurers’ incentives for risk selection against these
groups. Moreover, integrating the two models could lessen administrative burden and ensure more
consistent model development. Although further research is needed — particularly regarding the
prediction of health care expenses of minors, constraint application and alternative estimation methods
— the results of this study suggest that transitioning to a combined model is a promising direction for

future risk equalisation policy.
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Omitted classes per model

Appendix

Mental health care model
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Class definition

Combined model Somatic care model
LG 18 LG 18

SES 6 SES 6

AVI 6 AVI 6

AVI 15 AVI 15

AVI 16 AVI 16

AVI 17 AVI 17

PPA 9 PPA 9

PPA 11 PPA 11

Mental FKG2

Combined classes

LG 18
SES 6

AVI 6
AVI 15
AVI 16
AVI 17
PPA 9

PPA 11

New classes

Men; age 75-79

Low socioeconomic status; age 70+

IVA; age 65-69

Income support; age 35-44
Income support; age 45-54
Income support; age 55-64

In a long-term care facility with

treatment, newly admitted; age 80+

In a long-term care facility without
treatment or extra-mural long-term care,

newly admitted; age 70-79

Addiction excluding nicotine addiction

AVI2 &3
AVI4&5&6
AVI9 & 10
AVI 11 & 12
AVI15 & 16
AVI17 & 18
AVI29 & 30
LG17& 18 & 19
LG 20 & 21
LG37 & 38 & 39
LG40 & 41 & 42
PPA2 &3
PPA7 &8 &9
PPA 11 & 12
SES5&6

avi2 3
avid 5 6
avi9 10
avill 12
avil5 16
avil7 18
avi29 30
1g17 18 19
1g20 21
1g37 38 39
1g40 41 42
ppa2 3
ppa7 8 9
ppall 12
ses5 6



