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Using microdata as a basis for long GEE

term projections of hospital care spending:
the added value of more detailed information
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Abstract

Background Component-based projections are commonly used to predict future growth in healthcare spend-
ing. The current study aimed to compare pure component-based projections to projections using microlevel data
to investigate their added value.

Methods The microdata was used to find disease-specific time trends in the number of patients that use hospital
care and in annual per patient hospital spending (APHS). Total expenditure projections were then based on APHS
and hospital use per disease category combined with demographic projections. As comparator, we used projections
with a composite growth term derived from total spending time trends. Furthermore, extensive uncertainty analyses
were performed.

Results Time -trends were present both in hospital care usage and in annual per patient hospital spending (APHS)
for most disease groups. What is known as the “residual growth” category in many projections of healthcare spending
can be split into these two time- trends, offering more insight into their sources. The advantage of explicit modeling
as done in this paper is that trends in usage and per patient spending can be separated. The use of microdata allowed
further refinement of component-based models for projections in healthcare spending and a more elaborate analysis
of uncertainty surrounding these projections.

Conclusions We found time trends in both hospital care usage and APHS in most disease groups. Incorporating
these trends into cost projections for various disease groups results in more conservative estimates of future hospital
spending compared to merely using demographic projections of per capita costs and adjusting them for observed
historical growth. The use of microdata for component-based modelling has benefits but also downsides. A posi-
tive side of using microlevel data is that individuals could be followed over multiple years, a downside was the vast
amount of computing power and time needed to perform these extensive analyses. Our results could support policy
makers to adjust for hospital (staffing) capacity not purely on demographic changes but also based on observed
trends in the use of specific types of hospital care, per disease.
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Introduction

The world population will age at an increasing pace [1].
Especially in the western world, for example the share
of elderly will reach 29% in the USA [2] and 30% in the
European Union in 2100 [3].This demographic shift in
the population could have consequences for healthcare
utilization and healthcare expenditures, although the
direction and extent of the change is subject to debate
(e.g. [4-8]).

To adequately address future challenges, high-quality
projections of future health cost growth are required.
The European Commission uses different scenarios for
future healthcare expenditure growth. One scenario
estimate is that due to higher life expectancy, health-
care expenditures will increase in member states by 1.1
percent points of GDP between 2016 — 2070, implying
growth of 20%. The underlying assumption is that the
number of years that people live in good health will not
change but life expectancy will increase. Another sce-
nario assumes healthy aging i.e., the number of years in
good health increases with life expectancy. In that sce-
nario healthcare expenditures increase by 0.3 percent
points of the GDP, or 5% growth over the same period
[9]. The difference between the two scenarios highlights
the importance of assumptions on future epidemiologi-
cal trends. Both projections assume constant health-
care use given disease. However, next to demographic
and epidemiological trends other developments influ-
ence future healthcare spending, including technologi-
cal change, changes in healthcare systems and medical
practice.

Projections of future healthcare spending are possi-
ble at different levels of aggregation, depending on the
research or policy questions to be answered. In an over-
view of projection models used in the OECD, Astolfi
et al. [10] distinguishes models at three levels: micro-
level models taking the individual as the unit of analysis;
component-based models where the unit of analysis is a
group, e.g., the population is split in age — sex categories;
and macro-level models with the whole sector as the unit
of analysis.

The aggregation level of the models determines how
detailed the process of generating healthcare expendi-
ture can be modelled, and which insights from the model
can be gained. The main purpose of macro-level models
is to forecast total healthcare expenditures in relation to
historical trends. Data should be available for a longer
period so that the trend can be estimated. The projec-
tions are either purely based on historical healthcare
expenditure data [11-13] or take estimated future trends
of other macro-level variables into account, such as GDP,
population size and changes in the demand for health-
care services [14—16].
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Component-based models offer insights on group-level
effects in the population, such as the relative increase of
the elderly population due to aging of the society. Mod-
els in this category often take the national demographic
forecasts concerning population sizes by age and sex cat-
egory as input and keep all other variable values constant
(e.g. healthcare usage rates) to demonstrate the effects of
demographic trends on healthcare expenditure [17-20].
More sophisticated models, e.g. [4, 21-24] include addi-
tional trends, such as mortality or morbidity rates per age
and sex group to account for epidemiological trends too.

Micro-level models simulate the entire process from
individual health behavior and health risks, such as smok-
ing, through developing a disease up to total healthcare
demand and expenditures [25—28]. These models can be
used to evaluate the expected effect of changes in lifestyle
or risk factors on healthcare spending and analyze the
potential effect of policy interventions. Micro-level mod-
els require individual microdata on a wide range of vari-
ables to construct a realistic representation of life courses
related to health. These models can be extensive and are
usually developed for policy evaluation rather than pro-
jection of future spending.

The current study aims to demonstrate how individual
microdata can be applied to enrich a component-based
model to improve projections of total healthcare spend-
ing, without the development of a complete micro-level
model. Special attention is paid to trends in costs by dis-
ease group and usage of care over time as aspects that
can be included in projections based on microdata. Pro-
jections accounting for trends in costs and in usage of
care were compared to the alternative model that uses
a correction factor based on unexplained historical
growth.

Most studies on healthcare spending projections pay
little attention to the uncertainty surrounding their
projections. This uncertainty originates from multiple
sources. One main source of uncertainty is that the
future is uncertain, that is, exogenous future trends
have high uncertainty. For example, future migration
patterns are very uncertain [29]. A second source of
uncertainty arises from the selection of models applied
to estimate components of current spending, that is,
structural uncertainty. A third source of uncertainty
is parameter uncertainty reflecting that the models
are estimated from a sample and hence have uncer-
tain coefficients. In a component-based model, several
uncertain elements are multiplied and added. Estimat-
ing the full compounded uncertainty is another aim of
the current study.

The current study uses a three-step approach, com-
bining population forecasts of Statistics Netherlands
with new projections of hospital care use and detailed
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trends on annual per patient hospital spending (APHS)
estimates. Attention was paid to the role of uncertainty
and time trends in APHS and care usage. This research
is focused on hospital care as the largest healthcare
sector in terms of expenditure in the Netherlands [30].

Methods

A component-based model enriched with microdata

For the estimations of future hospital care spending we
looked at the main cost drivers of care, the number of
people making use of care and the costs of the care that
is delivered. To determine the number of people mak-
ing use of hospital care we looked at the total number
of people in the population and the share and trends
in hospital usage per disease (group). When looking at
the costs of the care delivered we looked at the amount
of care that is delivered in a year for a certain disease
per patient, and the trends in these costs.

By this our hospital spending projections were based
on three main elements (Fig. 1); a population forecast,
a model of hospital use over time and a model for per
patient annual hospital spending over time. These ele-
ments were combined in a cost-of-illness projection
and were compared to a common alternative projec-
tion method. All analyses were performed with 2019
prices, and spending data from years before 2019 were
converted to 2019 price levels using the GDP deflator
to correct for the effect of inflation. Future expendi-
tures were also projected in 2019 prices.
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Traditional component-model based projections;

the comparator

To validate and compare our projections with exist-
ing literature we applied a traditional component-based
model with unexplained growth factor as a compara-
tor. Equation A.1 in Appendix A describes how hospital
spending projections were calculated in previous com-
ponent-based model analyses for the Dutch Cost-of Ill-
ness studies. This method has been used in other studies
[31, 32] and is based on group-level data. In essence, the
Dutch Cost-of Illness projection combines population
projections with per person, as opposed to per patient,
annual spending, both stratified by age and sex. A correc-
tion factor for residual growth is then applied. The cor-
rection factor is calculated as the difference between time
trends as suggested by initial projections and actual time
trends, based on historical data. This is again done at the
group and disease-level. Usually, the trend is calculated
by comparing the most recent to the oldest historical
data available. Equation 2.1b represents this approach,
called the comparator approach in the rest of the paper.
Projections with the comparator approach were calcu-
lated with the same data as this studie’s main projections.

Data and data preprocessing

A rich microlevel dataset, containing individual level
hospital claims data over the years 2012 — 2019 was pro-
vided by the Dutch Healthcare Authority (NZa). The
dataset covers the whole Dutch population and contains
information on diagnosis, age, sex and hospital spend-
ing in euros. Claims on intensive care days and certain

Annual per
Patient Hospital
Spending

Population

forecast
(Statistics

Netherlands

(Model)

Hospital use
time trend
(Model)

Total

hospital
spending
projections

(Model)

Fig. 1 Model building blocks of total hospital spending projections
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expensive medicines that are not linked to a diagno-
sis were ignored. We also excluded claims with miss-
ing patient identification numbers. Furthermore, we
included only patients with an address in the Netherlands
so that our analyses are consistent with the population
forecasts of Statistics Netherlands. A small proportion
of patients had an unknown sex and were consequently
excluded from the analyses. For detailed statistics of the
claims included in and excluded from the analyses, see
Appendix B.

The final dataset, covering about 80% of total hospital
spending [33], was categorized by disease and disease
group. The grouping was based on the Dutch Cost of Ill-
ness studies [30, 34], which distinguishes 17 overarching
disease groups with about 130 diseases defined by ICD10
codes, and a rest group to contain all remaining hospital
spending (Appendix C). Based on specific Medical Spe-
cialty Diagnosis Codes, as available in the data, ICD10
codes and consequently disease (groups) were assigned to
each claim. Every year, a disease (group) was assigned to
a patient when the patient had a minimum of one claim
in that year for the given disease (group). This way, dis-
ease groups were assigned to claims and to individuals.

Analyses were performed for all (17) disease groups
and the rest group, and for all eight diseases within
the group of cardiovascular diseases as an illustrative
detailed example. Projections over the 17 disease groups
and the rest group were then added to present total pro-
jected hospital spending (excluding intensive care and
part of expensive medicines). All spending outcomes
were presented in 2019 pricing. For all analyses in this
study, the statistical software R version 4.2.2 and RStudio
2022 were used. For data preparation, the packages data.
table, tidyverse, fst and plyr were used; for analyzing we
used stats, splines and gamlss; while scales, patchwork
and ggplot were used for plotting [35-42].

The population forecast by Statistics Netherlands
(CBS) was used to project future demography [43]. This
forecast consists of projections until 2070 by age and sex
category for ages 0 to 99 +. For our current study projec-
tions until 2050 were used. As in the Netherlands only
active military personal (40 thousand people) are exempt
for the mandatory health insurance, we assume the popu-
lation forecast is equal to the insured population forecast.

Total hospital spending projections

First, both methods of projections were formalized.
The projection using microdata calculates total hospital
spending of disease (group) k in year y by aggregating the
estimated spending in disease (group) k over all sex and
age categories. (Fig. 1)
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DCy,k = ZSZﬂny,a,spy,k,a,sAPHSy,k,a,s (2.1a)

where DC,; are the total costs in year y for disease
(group) k. The index s stands for sex (male or female) and
a for a persons’ age ranging from zero to 99+, aggregat-
ing ages above 99 into the group of 99+ years. Further-
more, n,, . denotes the estimated number of persons in
the population, p , denotes the percentage of these
persons visiting a hospital for disease k, in year y and
APHS,,; , ; denotes the estimated annual per patient hos-
pital spending in year y for disease (group) k in the age-
sex category a,s.

The comparator formulation for 2019 can be formal-

ized asfollows:

DCyi = ZSZa”ly,a,sp2019,k,a,sAPH52019,k,a,sry —0m
(2.1b)

where rZ_ZOB is the correction factor for residual growth.
Further details on the calculation and interpretation of
ri are described in Appendix A. Note that p and APHS
are set to their estimated values for the base year (in our
analysis 2019). While often p - APHS are combined into
a single estimate of spending per person, rather than per
patient, for comparability to 2.1a, in this study we split
them explicitly.

In the next subsections it is explained how for each
component of these projections is estimated from the
microdata, including information on uncertainty of these
estimates.

The distribution of hospital costs of disease-groups
Uncertainty analysis requires the distribution of hospi-
tal spending of age-sex-diagnosis groups (Appendix D).
It should reflect both the uncertainty in the average per
patient spending (APHS) and in the number of patients
using hospital care (p, see section below). A specific sub-
group of age and sex within a disease group is used for
illustration. For readability, subscripts 4, s and k were
omitted. Given these subscripts the results of this pra-
ragraph apply to the population correspronding to those
subscripts. The total costs of a group k consisting of N
persons, where each person i has a random annual per
patient hospital spending APHS; is then defined by

N
AHSotaiN = ZizlAPHSi (2.2.1a)

N ~ Binomial(n, p) (2.2.1b)

To estimate the distribution of AHS,y,; N, total spend-
ing for disease k, it is important to note that both N and
APHS; are stochastic. The number of care users N was
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assumed to be binomially distributed, given a demo-
graphic group of size n, and assuming each person hav-
ing an identical probability p of using hospital care in a
certain year. Furthermore, each user i has random annual
hospital spending APHS;. The claims data displayed
that the distribution of the APHS; at the individual level
does not follow a smooth shape since it shows peaks at
multiples of the underlying DRGs. It is also strongly
rightly-skewed.

The random variable of total costs AHS;y, N can be
split into a mixture of sums of fixed length ;. This is done
using the law of total probability. Each term in this mix-
ture is a sum ZJL»:lAPHSi, weighed by the probability of
that number of hospitalizations occurring. Fixed sums
of variables are well estimated by the central limit theo-
rem. Given the expected expenditure u of an individual
and its variance 0’2, the sum Y”_, ApHs; is approximated by
a normal distribution with mean E(3Y_ APHS,) = ju and a
standard deviation \ﬁa. Following the steps in Appendix
D shows that AHS o, n is estimated by

P(AHS iy <2) %Y @ (?;“ ) (pa-pr
(2.2.2)

With P(AHS total N = z) being the probability of the
annual hospital care spending of group k being smaller or
equal to z; and @ is the cumulative distribution function
of the standard normal distribution. Note, # is the total
number of persons in a certain age-sex group, while p is
the probability for each of them to be using hospital care
for disease k.

In summary, the parameters i, o and p fully character-
ize the approximated distribution of total annual spend-
ing for disease-group k for a demographic subset using
Eq. (2.2.2). These parameters were estimated from the
available microdata for each calendar year, by age and sex

group.

The projected number of patients in hospital care

Logistic regression was used to model the probability of
hospital care use for each disease (group) k, for simplic-
ity the subscript k is omitted, but all analyses were per-
formed stratified by disease (group).

Ny,a,s ~ Binomml(”y,a,s»py,a,s) (2.3a)

logit(p,, , ;) = bs1(a,s) + Ty + wod2015 (2.3b)

The function bsj(a,s) was modelled as a B-spline.
A separate B-spline was fitted for each sex with knots
at ages 5, 20, 35, 50 and 70 years. Furthermore, y is the
continuous variable for time trend effect (calendar year,
where 2012 is 0), with coefficient 7, while a dummy was
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used to account for the effect of administrative changes
of claim registration in year 2015, with coefficient w. For
the population size per year by age and sex, ny,;, the
total number of insurees in the dataset was used to fit the
model.

This model predicts the individual probability of use
of hospital care for disease k by age and sex, for year y.
Separate models were estimated for each disease and for
each disease group. The age knots of the B-spline were
selected so at represent relative variations in care utiliza-
tion with age for a wide spectrum of diseases. Only when
these knots very clearly did not fit, that is, models did not
converge, an alternative location of knots was applied
(e.g. pregnancies and perinatal conditions).By assuming
that the trend 7 is constant in the future, hospital usage
can be projected towards the future by disease (group)
for each age/sex category.

Estimation annual per patient hospital spending

Annual per patient hospital spending had a right skewed
distribution and hence a generalized linear model with a
gamma distribution was used, where both the scale 6,
and shape «,, parameters were estimated as functions
of age, sex and calendar year.

APHS, 5 ~ IO,y Ka,s,y) (2.4.1a)
Ousy = bsa(a,s) + 11y + w182015 (2.4.1b)
Kasy = bs3(a,s) + 1oy + w282015 (2.4.1¢)

Similar to the logistic model of equation 2.3, splines
were applied for both the scale and the shape parameter
of the gamma distribution to model nonlinear effects
of age and sex on costs. Effects of calendar year were
assumed to be linear and included an additional dummy
to represent 2015 exception effects, due to administrative
changes.

As much as possible, this same model was applied to
all disease(groups). However, For the diseases coronary
heart disease, heart failure, stroke, peripheral arterial vas-
cular disease and arrhythmias the knots were not appli-
cable because of the low number of observations below
the age of 20 years. For these diseases, only knots at age
35, 50 and 70 years were applied in Eqgs. 2.4.1b and c. Fur-
thermore, the disease groups ‘pregnancy, childbirth and
puerperium’ and ‘conditions originating in the perina-
tal period’” only occur in certain age and sex groups. For
these two disease groups, the splines were replaced by
dummy variables. Instead of the continuous variable of
age a, age categories a.,; were applied for these diseases.
For ‘pregnancy, childbirth and puerperium’ these were
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10 years age categories until 50 years and a group 50+.
For ‘Conditions originating in the perinatal period’ these
were categories 0, 1, 2, 3,4, 5 — 9 years, and 10+ years.

APHS, s ~ T (0a,s,y: Ka,s,y)

Oasy = Bo + Bracar + B2s + B3ay * s + 13y + w3d2015 (2.4.1d)

Kasy = Bo + Pracar + P28 + B3dicar * s + Tay + wad2015 (2.4.1e)

After fitting the models for each disease k, the esti-
mated mean and standard deviation of per patient hos-
pital spending were computed for each age and sex using
the fitted Gamma distribution’s shape and scale param-
eters by

w = E(APHSs,y) = Ka,s,yeavs,y (2.4.2a)

0 =0 (APHSusy) = \/KasyOasy

These values could then be substituted into formula
(2.2.2).

(2.4.2b)

Validation

To validate our results, a sensitivity analysis was per-
formed with trends estimated based on the period 2012—
2017. The resulting projections for the years 2018-2019
could then be compared to actual observed hospital
care use, per patient hospital spending and total hospital
spending.

Additionally model fit was compared to input data for
each model separately and our results were cross vali-
dated to other published projections of Dutch hospital
spending.

Results

The Dutch (insured) population has grown from 16.8
million in 2012 to 17.8 million in 2019 (Table 1), while
the mean age increased by 1.36 years. The share of peo-
ple that utilized hospital care for one or more diseases

Table 1 Descriptive statistics
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decreased from 41.7% in 2012 to 39.8% in 2019. Hospital
care expenditure per patient, expressed in 2019 prices,
fluctuated over time.

Data from the year 2015 show a remarkable drop in the
percentage of patients using hospital care and in hospital
expenditure. This drop is due to an administrative change
in the registration of claims.

Annual per patient hospital spending

Figure 2 A shows the average annual per patient hospi-
tal spending (APHS) by age and sex for the disease group
‘circulatory system, while Fig. 2B shows how the standard
deviation of APHS varies with age and sex. The model
shows a good prediction of the mean APHS by age and
sex. The model clearly underestimates the standard devi-
ation. Similar results were found for most disease groups.
Experimenting with different model specifications did
not improve the fit of standard deviation.

Table 2 summarizes the results of the time trends in
the model (model 2.4.1) for the disease group cardiovas-
cular diseases and the underlying diseases in that group.
In Appendix E the time coefficients for all disease groups
can be found. For cardiovascular diseases all time trends
were close to one except for the ‘other vascular disorders;
reflecting relatively small trend effects in the observa-
tional data over the period 2012-2019.

Figure 3 shows the effect of accounting for time trends
in APHS on spending projections. In these figures, the
proportion of patients visiting a hospital is assumed to
be constant at the level of 2019. The projection without
a time trend in APHS, therefore, corresponds to a simple
demographic projection.

The disease group as a whole,diseases of the circulatory
systems, shows a small effect of the time trend, reflected
by the coefficient of 0.999 in Table 2. Of note, even coef-
ficients close to 1 will result in relatively large differ-
ences in projections, when used over a sufficiently long
time-horizon.

Year 2012 2013 2014 2015 2016 2017 2018 2019

N (x 1000) 16,862 16,896 17,192 17,343 17,476 17,610 17,687 17,834
Mean age (SD) 406 (23.21) 4086 (2327) 41.02(23.26) 41.23(2331) 41412335 416(2340) 41.78(2346) 41.96(23.49)
Female (%) 50.53 50.53 50.29 50.24 50.19 50.15 50.19 50.15
Patients (%)° 41.66 4057 39.31 379 39.62 3942 39.74 39.84

Per patient hospital care 2669 (2069) 2844 (2084)  2877(2108)  2785(2030)  2880(2124)  2847(2077) 2829(2026) 2817 (2049)

expenditure in Euros (\QR)b

2 Percentage of the population that visit a hospital for one or more of the Cost of lliness studies Disease Groups

b Average per patient hospital spendings in euros in 2019 pricing and width of IQR. According to Statistics Netherlands the Dutch population will grow to 19.6 million

in 2050. The share of elderly (65 +) will increase from 19.2% in 2019 to 24.7% in 2050
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A: Mean APHS in the data and predicted by the model
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Table 2 Time coefficient in APHS modeling for diseases of the
circulatory system

Disease (group) Coefficients of

the variable

‘time’
Hypertensia 0.998
Coronary heart disease 1.001
Heart failure 0.996
Other disorders of the heart 1.009
Stroke 1.007
Peripheral arterial vascular disease 1.000
Other vascular disorders 0.948
Arrhythmias 0.982
Diseases of the circulatory system 0.999

Number of individuals using hospital care per disease
Figure 4 shows the number of people visiting a hospital in
a certain year for a specific disease by age and sex in the
case of diseases of the circulatory system. Table 3 sum-
marizes the results of the time trends in the model (equa-
tion 2.3) for the disease group cardiovascular diseases
and the underlying diseases in that group. In Appendix E
the time coefficients for all disease groups can be found.
For cardiovascular diseases all time trends were negative.
Some other diseases groups, such as neoplasms, showed
an increasing time trend.

With the inclusion of hospital usage trends, a projected
number of 11.9 million people will visit the hospital in
2050 for a specific disease (Appendix F). This includes
double counting when a person visits a hospital for two
diseases. Ignoring the effect of the time trend (artificially
freezing the proportion of people visiting a hospital on
the level of 2019 and only applying demographic pro-
jection) would result in a projected 14.0 million people
visiting for a specific disease per year in 2050. That is,
accounting for trends in hospital use will lead to more
conservative projections on average.

To illustrate matters further, for cardiovascular dis-
eases more details are provided (Fig. 5). Ignoring hospi-
tal use time trends a growth from 1.05 million people in
2019 to 1.44 million people in 2050 visiting the hospital
for cardiovascular diseases is projected. Adding time
trends in the projection the total number of hospital
patients is expected to decrease to 0.73 million in 2050.
The disease group cardiovascular diseases includes in
total eight underlying diseases. All eight diseases show
lower projected numbers of patients after the inclusion
of time trends compared to ignoring time trends. For
other disease groups (e.g. neoplasm) the projections for
the underlying diseases showed a larger variation in time
trends (see Appendix G).
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Projections of the absolute number of individuals using
hospital care as projected with and without accounting
for time-trends in the percentage of individuals using
hospital care for the overarching disease group cardio-
vascular diseases (H7) and the underlying diseases.

Note: The number of people in the different diseases
does not necessary add to the total number of people in
the disease group as people in the disease group can visit
the hospital for multiple underlying diseases and hence
be included in several subgroups.

Hospital care spending projection

Combining the results on APHS and hospital care usage,
projected hospital spending by age and sex over time
was calculated. The aggregated results over age and sex
are presented. Figure 6 illustrates hospital spending pro-
jections for the group of cardiovascular diseases and
the underlying diseases. The red line shows spending
projections when only demographic change is consid-
ered, which would reflect the most common and simple
component-based model method. Only taking demog-
raphy into account, the expected hospital spending on
cardiovascular diseases will increase over time due to an
increasing and aging population. The green line shows
the projected spending according to the method applied
in this paper, accounting for a time trend in both the
annual per patient hospital spending and the number of
persons visiting a hospital. The blue line illustrates pro-
jected spending using the comparator method, adjust-
ing the demographic projections with a residual growth
factor. This residual growth factor is an estimate for the
combined effects of time trends in APHS and in the
number of patients visiting a hospital, based on compar-
ing two reference years, 2012 and 2019.

For most diseases within the group of circulatory
diseases, the projections of the comparator and the
applied novel method in this current study were in the
same direction and were closer to each other than to
the demographic projection. However, for stroke and
“other disorders of the heart” this was not the case. The
advantage of the method used in the current study is
that it offers more insight than the comparator method
into the source of deviation from the demographic
projections. For example, the demographic projec-
tions showed an increase in the spending on coronary
heart diseases in the coming decades, while accounting
for time trends, a decrease was projected. The current
study splits this decrease into the effect of a time trend
in the number of patients visiting the hospital and a
time trend in the APHS. As previous figures showed,
the decrease in the spending on coronary diseases was
mostly due to the projected decrease in the number of
patients visiting the hospital. Estimating time trends
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Projections in different diagnose groups
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Fig. 3 Cardiovascular hospital spending projections with and without trend in APHS
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Diseases of the circulatory system
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using regression models based on all available annual
data rather than comparing two reference years, further
influenced the spending predictions over time.
Combining all 18 disease groups, Fig. 7 illustrates
total hospital spending projections. When only
accounting for demographic changes an increase of
5.3 billion euros was projected over the years 2019—
2050 (red line). Including time trends, according to
the method presented in the current study, (green
line) resulted in a more moderate projected growth of
1.1 billion euros. The comparator method (blue line)
showed a higher increase of up to 8.2 billion euros. This
major difference in results was due to a difference in

Table 3 Coefficient for time trend in hospital usage for diseases
of the circulatory system

Disease (group) coefficients of

75 100

projected spending for a couple of large disease groups,
such as neoplasm. Results for all disease groups can be
found in Appendix H.

Uncertainty

Figure 8 illustrates the uncertainty of the spending pro-
jection for specific age and sex groups of patients visit-
ing a hospital with cardiovascular diseases, considering
the uncertainty in the number of patients visiting the
hospital and in the APHS. The grey areas represent the
95% prediction interval around the projected spending
(black lines). Note that the limits and scale of the y axis
differ per row in the figure.

The width of the prediction interval increases for
smaller groups of patients. Uncertainty is also larger
with projections farther into the future. For example,
the width of the interval increases from 25 to 38% of the
mean projected spending between 2019 and 2050 in the
case of the 0 years old male patients. In case of 60 years
old male patients, the width increases from 6 to 11%

the variable

‘time’
Hypertensia 0917
Coronary heart disease 0.951
Heart failure 0.970
Other disorders of the heart 0.989
Stroke 0.997
Peripheral arterial vascular disease 0.996
Other vascular disorders 0.967
Arrhythmias 0.996
Diseases of the circulatory system 0.975

between 2019 and 2050. Overall, parameter uncertainty
was largest for 0 years old male patients. Compared to
the differences between projection methods or model
specifications, the effect of parameter uncertainty was
small.

Figure 2B showed that the model on APHS underes-
timated the standard deviation. This suggests that the
calculated uncertainty at population level is an under-
estimation as well.
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Predictions in different diagnose groups
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Fig.5 Cardiovascular hospital use projections. Projections of the absolute number of individuals using hospital care as projected with and without
accounting for time-trends in the percentage of individuals using hospital care for the overarching disease group cardiovascular diseases (H7)

and the underlying diseases
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Projections in different diagnose groups
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Discussion

Main findings

Time trends were present both in hospital care usage and
in annual per patient hospital spending (APHS) for most
disease groups. What is known as the “residual growth”
category in many projections of healthcare spending
can be split into these two time trends, offering more
insight into their sources. As with all projection methods,
it remains fundamentally uncertain whether observed
trends over the period 2012-2019 will continue in the
future, as the COVID-19 pandemic has illustrated, for
example. The advantage of explicit modeling as done in
this paper is that trends in usage and per patient spend-
ing can be separated. The latter also includes the “tech-
nological growth” part that is usually seen as most of the
rest-factor.

The use of microdata allowed further refinement of
component-based models for projections in healthcare
spending and a more elaborate analysis of uncertainty
surrounding these projections. These projections illus-
trate how microdata can enrich cost of illness predic-
tions. Yet, the analysis of uncertainty was limited to
parameter uncertainty, while structural uncertainty and
uncertainty in demographic projections will contribute
most to the overall uncertainty.

The projections predict growth in overall hospi-
tal spending over time in the Netherlands and in many
underlying disease groups. However, our projections
showed a more conservative estimate of total hospital
spending growth than the comparator method or the
pure demographic projection.

Uncertainty

Multiple sources of uncertainty are encountered. First,
the uncertainty of the true distribution causes uncer-
tainty in the observed costs. The decision on what kind
of model to use is to be made based on the distribution
of the underlying data and the fit of the model. The use
of diverse models can generate a variance in results. We
applied the same basic model as much as possible for all
disease groups in this research, this could enhance uncer-
tainty but increases comprehensibility.

The current projections are uncertain, being based
on only 8 years of observations to estimate time trends.
Having a limited period to fit a trend can be challenging,
especially when policy changes have possibly affected the
response variable. This relates to two different sources of
uncertainty. The first uncertainty concerns the possibility
that the eight years of data do not contain enough infor-
mation to accurately fit the time trend. The second uncer-
tainty is that despite a good fit of the trend, costs can be
significantly influenced by policy changes. Parameter

Page 14 of 18

uncertainty, as was captured by the approximation meth-
ods, only offers partial insight into this uncertainty. Using
different models rather than the current GLM with
Gamma distribution and logarithmic link function and
compare results would enhance the insights into uncer-
tainty inherent in the chosen model, that is, the struc-
tural uncertainty, while working with uncertainty ranges
around demographic projections would help quantify the
uncertainty introduced by these projections. Even though
the relative short time period comes with uncertainty for
these projections, we do see added benefits of presenting
long-term projections. Medical staffing adjustment poli-
cies often take a long time period to have effects, due to
long training time of medical personal, often more than
a decade. Because of the longevity in these adjustments
it is important to know trends in usage for a longer time
period. To address the influence of uncertainty from the
time trend estimates, we performed a sensitivity analysis,
using only data over the period 2012-2017 to estimate
projections for 2018-2019 and then compared these to
actual spending in these years (see Appendix I). Results
were satisfactory and showed that the novel method out-
performed traditional component-based projections.

Use of microdata

The use of microdata for component-based modelling
has benefits but also downsides. A positive side of using
microlevel data is that individuals could be followed over
multiple years, which would allow adding further covari-
ates like comorbidity or disease history into the models.
To determine comorbidities multiyear, multiple health-
care sectors, and/or medical history microdata is needed.
Individual level data was also indispensable to model
uncertainty in APHS.

One of the downsides of working with microdata on
population level healthcare spending projections was
the vast amount of computing power and time needed to
perform these extensive analyses. However, efficient cod-
ing approaches could help to increase feasibility. Another
downside of the use of microdata is data availability. Due
to privacy regulations, it is difficult to get access to indi-
vidual level microdata. This could influence the replica-
tion of research.

Demographic cost projections often do not align with
the true growth, requiring correction with an unex-
plained historical growth component. The current
study replaced this correction factor by two explicit
models, one for disease-specific prices and one for dis-
ease-specific volumes. Our results showed that these
disease-specific trends overall implied more conservative
projections of hospital spending growth than the com-
parator method. Hospital use and per patient hospital
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spending were declining over time for half of the disease
groups in our dataset.

Limitations and strengths

The models used in this paper only concerned hospital
spending and no other healthcare sector. This was a delib-
erate choice, since it is the only healthcare sector where
a full microdata dataset is available with clear diagnosis
codes of all insured in the Netherlands. For other Dutch
healthcare sectors, the diagnosis information is not as
rich, and it would be harder to follow individuals over a
longer period. Further investigation is therefore needed
into how and to what extent this methodology can be
used in other healthcare sectors. For settings outside the
Netherlands, with wider availability of diagnosis informa-
tion, the approach could be followed in other sectors as
well.

Given our data concerning hospital spending, trends in
care use referred to visits to the hospital for a certain dis-
ease each year, which is different from disease prevalence.
Substitution of care, where the location of providing care
changes, could influence hospital usage. For instance,
when GPs take over tasks from hospitals, hospital usage
would decrease, while disease prevalence could stay the
same or even rise. When interested in disease prevalence,
the whole (health) care system should be considered. This
requires data with sufficient diagnostic information in all
healthcare sectors.

While our models estimated the mean APHS very
close to the real data (Fig. 2A), they showed consistent
under estimation of the standard deviation (Fig. 2B). We
used a gamma-distribution to model this effect, which
is a common approach for modeling right-skewed data.
Nevertheless, the tail of the Gamma distribution applied
underestimated the tail in the actual data. Consequently,
the model tends underestimate the standard deviation.
However, even with a twice higher standard deviation,
resulting prediction intervals would still be very nar-
row, thanks to the very large sample sizes in our dataset.
Uncertainty was quantified per disease group on the level
of age and sex. The current implementation did not allow
for computation of uncertainty at an aggregated level,
for example the uncertainty of total costs added over the
whole age range for a single disease group. To obtain such
estimates would require applying convolution to the cost-
distribution by sex and age to find the cost-distribution
for the whole group. This is possible numerically but was
computationally too expensive and hence left for future
research. The analyses would take several days and were
not expected to offer much further insight, given the
small size of the parameter uncertainty compared to the
effect of structural uncertainty. It seems more important
to focus on further sensitivity analyses using different
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models for APHS and hospital usage, as well as investi-
gating the influence of various demographic scenarios
[44].

Due to evolving healthcare technology the life expec-
tancy of patients with certain diseases is increasing and
some diseases are transforming into chronic diseases.
This is the case, for example, for certain neoplasms (can-
cers). As most neoplasms in a chronic phase are still
treated in hospital settings this would mean that the
total number of patients keeps growing while incidence
could be decreasing. For the long term this could influ-
ence APHS, and we would expect to see rising usage with
decreasing APHS, as often most costs for neoplasms
occur during the first years. When such time trends are
not well aligned, projections based on historical data
could result in large over- or underestimations of spend-
ing. This indicates that using linear time trends is always
surrounded by large uncertainty, not sufficiently captured
in estimates of parameter uncertainty.

Furthermore, projections for each disease (group)
should preferably be checked by experts with sufficient
knowledge on the disease (group) and its care. For this
current methodological paper, no such expert checks
were performed, and our results should hence be inter-
preted with care. Specifically, we aimed at uniformity in
the models applied and only used alternative models for a
better fit on APHS when the Gamma models did not con-
verge. Using expert panels, a deliberate choice of the best
model could be made for each disease group separately.
Especially the disease groups where the comparator
method and the new method present diverging results
(e.g. symptoms and injuries) should be considered with
caution and analyzed by healthcare experts to interpret
the source of deviation.

In total eight years of data were available for the cur-
rent study. For some disease groups with a large vari-
ation in total spending per year this may be insufficient
to estimate time trends. However, the choice of period to
estimate a time trend should balance length of follow-up
versus stability of the healthcare system. For the Nether-
lands, data before 2012 is less useful since the DRG sys-
tem changed considerably pre-2012. Such caveats will
introduce uncertainty in the estimated time trend. For
the same reason, a dummy variable was applied for 2015
to counter inconsistencies caused by known changes in
administration in that year.

The 8-year period used in this analysis is relatively
short. Most long-term projections of healthcare spending
use longer periods to assess macroeconomic trends (e.g.
OECD [45], RIVM [32], Dieleman et al. [14]), but most
studies using short-term micro-level data, e.g. micro-
simulation models (e.g. Gaudette et al. [25], Thiebaut
et al. [28]), render projections only for the short term.



Klein et al. Health Economics Review (2025) 15:25

Our method demonstrates that in combination with
long-term historic trends, short-term micro-level data
can be incorporated into long-term projections. While
additional micro-level data would enhance robustness of
individual disease trends, the addition of epidemiological
trends appears to enrich current methodologies to esti-
mate long-term health expenditures, as is also reflected
in our comparison to real world data over the period
2017-2019 (Appendix I).

Strong points of our approach are the large dataset cov-
ering almost all Dutch inhabitants. In The Netherlands,
health insurance is mandatory, and the size of the data-
set implied a relatively small parameter uncertainty. Pre-
vious studies on projections ignored uncertainty, while
our study highlights the importance of model choice and
method of projection for the resulting outcomes.

Policy implications

Policy makers require accurate cost projections to ade-
quately plan and assess policies. Our study aimed to
show how the correction factor of unexplained growth
could be split into changes in number of patients and
changes in per patient annual hospital spending. What is
still not captured in these models are the effects of novel
diagnoses and treatments. Partly, such effect should be
reflected in the time trends of APHS, but some are hard
to estimate from historic data. Our results demonstrate
the importance of additional research into the unex-
plained historical growth component and the value of
more explicit models to capture these effects.

The Netherlands has a history of agreements to contain
total hospital costs, with the latest agreement aiming to
cap real volume growth at 0% in 2026 [46]. Based on our
projections, this would be a realistic target, conditional
on continuation of current policies, for quite some dis-
ease groups and for total health care spending. However,
this may result in unrealistically low hospital usage when
currently observed trends in the reduction of use of care
per patient are projected into the future. To account for
this, careful expert-based reflection on projections per
disease category would be needed. Furthermore, novel
drugs and treatments could pressure hospital budgets
and put additional strain in dwindling hospital margins.

After expert-based validation, our results could support
policy makers in planning for increasing or decreasing
hospital capacity for the coming years. Expert-based vali-
dation could be conducted for each of the 137 diseases
and conditions separately with field experts and hence
would require a lot of clinicians and epidemiologists.
This was out of the scope of the current methodological
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study. More detailed projections allow policy makers to
adjust hospital (staffing) capacity not purely on demo-
graphic changes but also based on observed trends in the
use of specific types of hospital care. The Netherlands
employs explicit nursing and medical specialist training
and education planning to ensure adequate staffing in
the future. Given the longduration of medicine education
(6 years in the Netherlands) and additional medical spe-
cialization (approximately 6 more years for most medi-
cal specializations), long-term projections are valuable.
Long-term hospital usage projections, combined with
macro-level trends would be valuable for adequate staft-
ing; mere epidemiological projections may insufficiently
capture long-term macroeconomic trends (e.g. produc-
tivity, technological innovation), while projections based
on historical growth may introduce historical inefficien-
cies to expenditure growth. Our approach could suggest
more conservative staffing planning than currently pro-
posed for some specialties (e.g. cardiovascular care) and
an increase for other groups (e.g., neoplasm care) [47].

Our results also indicate disease groups that will be the
large cost drivers for the coming decades, such as neo-
plasms. From a policy perspective, it would make sense
to start preventive measures to reduce patients or costs
per patient, depending on what drives spending growth
in these disease groups.

The approach can be readily employed in other countries
with DRG-based hospital reimbursement systems, which
includes most OECD members [48]. International com-
parison does depend on country-specific factors; for exam-
ple, the Netherlands has relatively low hospital visits, with
many chronic conditions being treated in a primary care
setting. This could result in underrepresentation of chronic
conditions and overrepresentation of acute conditions in
total spending trends; on the other hand, if other countries
would move towards the Dutch trend of outpatient treat-
ment of chronic conditions, this could limit overall hospital
growth. In that sense, international comparison of (effects
of) epidemiological trends would be valuable.

In sum, this paper displayed how the use of microdata
can enrich the insights that component-based models pro-
vide regarding healthcare spending projections. We have
shown that the projected developments in spending can be
split into changes due to developments in hospital usage
and in changes due to developments in the mean annual
hospital spending per patient. Interestingly, for quite some
disease groups this results in more conservative projec-
tions of future hospital spending than would be obtained
simply taking a demographic projection of costs per capita
and correcting these for observed historical growth.
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