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Abstract

We use administrative microdata and statistical learning methods to analyze how
personal characteristics and the consumption of healthcare services help predict the
first-time receipt of “long-term care allowance” (LTCA), a needs-tested cash-for-care
benefit in Austria. Our findings suggest that short-term information from the health-
care sector, particularly in the quarter prior to LTCA enrollment, provides substantial
explanatory power. Apart from old age, the most influential predictors include the
frequency of doctor visits and hospital stays as well as diagnoses such as dementia,
cerebral infarction, and hypertension. Our findings emphasize the importance of data-
driven approaches in anticipating the uptake of long-term care benefits and informing
policy, especially against the background of the demographic transition.
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1 Introduction

Europe’s demographic landscape is undergoing a profound transformation. By 2070, over
30 % of the EU population will be 65 years of age or older, with the number of people
requiring long-term care (LTC) projected to increase by 23 % by 2070 compared to 2022
(European Commission, Directorate General for Economic and Financial Affairs, 2024).
Austria exemplifies this trend: 22 % of citizens aged 65 or older currently receive “Long-
Term Care Allowance” (LTCA), a cash benefit based on needs, but not means tested for
individuals in need of long-term care. This figure is expected to grow by 50 % by 2050
(Famira-Mühlberger, 2024). The demographic shift intersects with declining family care
capacity (Verbakel, 2018), workforce shortages (OECD, 2020), and fiscal strain (European
Commission, Directorate General for Economic and Financial Affairs, 2024). We address
two important questions: 1) Can we predict the uptake of LTCA using administrative
healthcare data? and 2) what acute health events precipitate care dependency?

These questions have gained growing relevance in light of the increasing demands on
long-term care systems in aging societies and the parallel need for evidence-based policy
responses that promote both sustainability and equity in care provision. Improving the
accuracy of LTC-need forecasts is highly valuable: if routine health-utilization data (recent
hospital admissions, doctor visits, prescriptions, etc.) can reliably signal who will soon
require care, policymakers could target early interventions (medical, rehabilitative, or
social support) to delay dependency and reduce costs. Likewise, identifying which acute
health events precipitate loss of independence is critical for designing prevention measures.
For example, severe neurological episodes (strokes, the onset of dementia) often herald the
entry into care. Determining whether and how administrative healthcare records can
predict entry into the LTC allowance system and which health shocks precede that entry
is key to enabling more timely, cost-effective care planning.

In Austria, the LTCA functions as a central support mechanism for individuals requir-
ing sustained care, though the empirical relationship between healthcare service utilization
and LTCA receipt remains underexplored. We address this gap by analyzing how personal
characteristics and healthcare service usage patterns predict subsequent LTCA enrollment
through advanced statistical learning techniques applied to comprehensive administra-
tive microdata. Employing cross-validated regularization methods on high-dimensional
datasets containing thousands of potential variables, we identify key predictors of first-
time LTCA entry while maintaining rigorous predictive performance.

Our primary contribution lies in its novel integration of detailed administrative health
records with LTCA allocation data to develop a robust predictive model within Austria’s
universal tax-funded care system. By combining these datasets through machine learning
approaches, we reveal previously unidentified interactions between healthcare utilization
patterns and the uptake of long-term care benefits, offering policymakers insights for
resource allocation and early intervention strategies in social care systems.
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Our analysis reveals that short-term healthcare utilization—particularly in the quarter
immediately preceding LTCA receipt—is highly predictive for receiving LTCA, highlight-
ing the acute health shocks that often precipitate care needs. While adding more detailed
medical information, such as specialist visits, diagnoses, and drug dispensings, yields only
marginal improvements and increases the risk of overfitting, regularization methods main-
tain both model interpretability and performance. Age is as the strongest predictor, along-
side intensified healthcare use and specific diagnoses such as dementia, cerebral infarction,
and hypertension. Although these models demonstrate strong overall predictive accuracy,
the low incidence of LTCA entry at the individual level currently limits the development
of reliable short-term leading indicators, suggesting that further methodological advances
are needed. Nevertheless, aggregating individual-level predictions could offer significant
value for policymakers, enabling more effective (regional) resource allocation and improved
systemic capacity planning at broader levels, and ensuring that LTC budgeting decisions
are grounded in robust empirical evidence.

2 The predictors of long-term care benefits

The literature shows that predictors of long-term care needs are predominantly health-
related. For example, evidence demonstrates that chronic conditions like hypertension,
heart disease and neurological disorders exponentially increase LTC utilization likelihood
compared to age-matched controls (Liu et al., 2013). Mental health conditions, particularly
depression and cognitive impairments such as dementia, also significantly impact the need
for long-term care: dementia increases the likelihood of institutionalization dramatically,
especially at advanced stages, thus accounting for a high share of LTC costs in European
countries (Bu & Rutherford, 2019; sm-Rahman et al., 2021). The importance of health-
related factors for LTC utilization is amplified if health problems become more severe
and/or numerous (multimorbidity): the severity of health problems is directly related to
the likelihood of institutionalization, as individuals with more severe health impairments
are more likely to require formal care (Schulz et al., 2020).

The importance of health-related factors mostly stems from their influence on functional
limitations in activities of daily living (ADL) and instrumental activities of daily living
(IADL), which also serve as universal gateways to long-term care benefits across interna-
tional systems. Here, health-related predictors affect three critical dimensions: 1) physical
capacity (mobility restrictions, chronic disease progression), 2) cognitive functions (demen-
tia severity, executive dysfunctions) and 3) complex care needs (multimorbidity, frailty,
neurological disorders).

Negative health shocks are also related to frailty, another important predictor of the need
for LTC. Schulz et al. (2020) have shown that frail older people are significantly more likely
to require long-term care services than their non-frail counterparts, and frailty increases
vulnerability to adverse health outcomes, including dependency and mortality (Reeves
et al., 2018).
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In the absence of direct measures of (I)ADL limitations or frailty, insurance and health-
care claims data can be used to predict future LTC needs. Sato et al. (2022) develop
and validate machine learning models to predict individual-level future demand for LTC
in Japan. Key predictors identified include current eligibility level, age, indicators of de-
teriorating health (such as dementia diagnosis and frequency of medical consultations),
and engagement in preventive care services (like rehabilitation and training). The authors
demonstrate that claims-based models can robustly forecast changes in LTC needs, with
implications for both resource planning and early intervention.

Apart from health-related predictors demographic factors, educational inequality, eco-
nomic factors, and policy-related factors also play an important role. Among the de-
mographic factors, age is a key predictor of receiving long-term care benefits. Women
generally have a higher propensity to use long-term care benefits, reflecting their longer
life expectancy and higher incidence of chronic conditions (Stolz et al., 2019). Being un-
married or living alone increases the likelihood of utilizing formal long-term care services,
as these may lack informal care support systems (Larsson et al., 2014; Liu et al., 2013;
Steinbeisser et al., 2018).

Educational inequalities in the need for long-term care are also well established. Individuals
with a higher level of education have a lower proportion of years spent in need of care, an
association that can be explained by various mechanisms, such as a higher level of health
education, a healthier lifestyle and less physically demanding working conditions (Frangos
et al., 2023; Grigoriev & Doblhammer, 2019; Stolz et al., 2019). Dynamic microsimulations
of the future uptake of long-term care benefits show a strong moderating effect of the
educational expansion of recent decades (Famira-Mühlberger et al., 2025; Warum et al.,
2025).

Economic factors, including income and wealth, play an important role in determining
access to LTC services. Higher income levels are associated with increased access to private
LTC insurance and services, while lower income individuals often rely on public support
programs (Da Roit & Le Bihan, 2010; Drzazga, 2021). The availability of cash-for-care
schemes, which provide financial support rather than direct services, has been introduced
in several European countries to increase choice and accessibility for families (Da Roit
& Le Bihan, 2010). However, disparities in income and wealth can lead to inequitable
access to long-term care services, and policy interventions are needed to address these
gaps (Drzazga, 2021; Floridi et al., 2021).

Policy-related factors, including the structure and financing of LTC systems, have a sig-
nificant impact on utilization patterns (Billings, 2013; Drzazga, 2021). Countries with
comprehensive LTC policies that promote equity and accessibility tend to have better
outcomes in terms of service utilization (Drzazga, 2021; Leichsenring et al., 2013). Fur-
thermore, the role of migrant care workers in filling care gaps has become increasingly
important in many European countries, reflecting the changing dynamics of LTC provi-
sion (Frimmel et al., 2023; Horn et al., 2019; Leiblfinger et al., 2021).
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A multitude of factors is thus pivotal in determining LTC dependency and the use of
state-provided LTC benefits. In turn, LTC benefits can also influence levels of dependency
among recipients. International research highlights that LTC benefits can significantly re-
duce hospital admissions by improving chronic disease management and preventing avoid-
able hospitalizations (e.g., Costa-Font et al., 2018; Guo et al., 2015; Xu et al., 2022).
Additionally, these benefits lessen reliance on institutional care by enabling individuals to
remain at home with appropriate support (Han et al., 2019; Rice et al., 2018). They also
alleviate the burden on informal caregivers by reducing caregiving demands and improving
caregivers’ quality of life (Kim & Lim, 2015; Løken et al., 2017). Furthermore, LTC bene-
fits have been shown to decrease the demand for medical services, such as emergency visits
and inpatient stays, thereby easing pressure on healthcare systems (Bakx et al., 2020; Rice
et al., 2018). While these interventions have the potential to generate cost savings—such
as reducing hospitalizations during nursing home stays (Han et al., 2019; Serrano-Alarcón
et al., 2022)—they often face challenges in reaching intended target populations. For in-
stance, non-take up rates and inequitable access remain persistent issues (Pennerstorfer
& Österle, 2023; Vidiella-Martin et al., 2024). This body of evidence underscores the crit-
ical role of LTC benefits in mitigating healthcare system strain and supporting families,
though further efforts are needed to improve access and equity in certain contexts.

In short, the predictors of long-term care (LTC) use are complex and interrelated, encom-
passing demographic, health, economic, and policy factors. To deepen our understanding
of the factors driving the demand for LTC and LTC benefits, it is essential to develop a
nuanced understanding of these predictors.

3 Long-term care allowance in Austria

In many countries, people in need of long-term care are supported by the public sec-
tor through cash benefits and benefits in kind (nursing homes, residential care facilities,
home care services). In 1993, Austria introduced a needs-based long-term care allowance
(“Pflegegeld”). Eligible Austrian citizens are legally entitled to this allowance, regardless
of income and assets and regardless of the cause of the need for long-term care.

To determine eligibility, persons who apply for LTCA are assessed by trained and qualified
experts such as doctors or nurses, who follow a fixed assessment scheme based on legal
and regulatory guidelines.1 The assessment focuses mainly on limitations in activities of
daily living (ADL) and instrumental activities of daily living (IADL).2 LTCA applicants
are assessed and granted an allowance based on their level of dependency, measured as the
number of hours of care required per month. Benefit levels range from a minimum of 65
hours per month (level 1) to more than 180 hours (levels 5–7, Table 1). In addition, specific
diagnoses such as dementia trigger an automatic 25-hour care premium in the assessment

1These include the Classification Regulation for the Federal Care Allowance Act (BGBl. II Nr.
37/1999) and the Guidelines for the uniform application of the Federal Care Allowance Act (RPGG 2012).

2For example, applicants are assessed on their ability to perform specific tasks such as getting dressed,
walking, getting up, eating, using the toilet, and shopping.
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process (Trukeschitz et al., 2022) and certain medical conditions—including blindness and
paraplegia—qualify for predefined benefit levels, creating standardized support pathways
for these populations. The allowance can be used to (partly) cover various care services,
including in-home care, professional care services, and assistance from family members,
although it does not fully cover the costs of the care required on average (Nagl-Cupal
et al., 2018). There is no obligation to document the use of the LTCA.

Table 1: Long-term care allowance in Austria (2025)

LTCA Criteria Amount of LTC
level allowance p.m. in e

1 > 65 hours of care required p.m. 200.80
2 > 95 hours of care required p.m. 370.30
3 > 120 hours of care required p.m 577.00
4 > 160 hours of care required p.m. 865.10
5 > 180 hours of care p.m. if an extraordinary amount of care is required 1,175.20
6 > 180 hours of care p.m. if uncoordinated care measures are required,

and these must be provided regularly during the day and night, or the
permanent presence of a carer is required during the day and night
because there is a likelihood of danger to oneself or others

1,641.10

7 > 180 hours of care p.m. if no purposeful movements of the four ex-
tremities with functional realization are possible or a condition requir-
ing equal attention is present

2,156.60

Source: BMSGPK (2025). The LTCA is yearly adjusted to inflation.

The granting of care allowance or its specific categorization has far-reaching consequences
for other benefits in the care sector. Financial support for live-in care is only available to
people receiving at least care allowance level 3.3 The benefit for care-providing relatives
(”Angehörigenbonus”) introduced in 2024 is linked to a minimum classification in LTCA
level 4.4 The subsidy for the use of mobile care services is regulated differently in the
individual federal states, but in most federal states the amount of the subsidy is linked
to the care allowance classification. Admission to a nursing home is also generally linked
to a minimum classification in the care allowance system (usually care allowance level 4).
Subsidized carer’s leave is only possible if the person being cared for is classified at level 3.
Finally, social insurance support for carers can only be claimed from care allowance level 3.

Approximately half of all LTCA beneficiaries in Austria are classified in care levels 1
and 2. In 2023, an average of around 476,000 individuals—representing 5.2 % of the
total Austrian population—received the long-term care allowance (BMSGPK, 2024). This
proportion increases significantly with age, reaching 22 % among those aged 65 and older,

3This financial support for live-in care is a government subsidy for round-the-clock home care for
individuals in need of continuous assistance who hire a migrant care worker, who is usually self-employed.
The subsidy is usually € 800 per month.

4That is a tax-free monthly payment (€ 130.80 as of 2025) for caregivers who reduce their employment
to provide long-term home care for a close relative.
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and 53 % among those aged 80 and above. The LTCA is funded through general federal
tax revenues and accounts for approximately 0.65 % of Austria’s GDP.

It is important to note that the receipt of LTCA is not equivalent to the need for long-
term care, and that we can only analyze the former and not the latter. This distinction
is especially relevant given anecdotal evidence of imperfect LTCA take-up among some
strata of the population, especially foreigners living in Austria (Pennerstorfer & Österle,
2023). Furthermore, the LTCA requires a minimum of 65 hours of care per month, and
persons who require a lower amount are not included in the system. Nevertheless, it can
be assumed that the vast majority of potentially eligible persons do apply for LTCA,
especially since it is not means-tested, so that the receipt of LTCA is a good proxy for the
need for long-term care.

4 Data and methods

To analyze which factors are most strongly related to the first-time receipt of LTCA, we use
two sets of pseudonymized individual-level administrative data provided by the Austrian
Federation of Social Insurances, the umbrella organization of the statutory social insurance
institutions of Austria.

The first set is our “case sample”, an (unbalanced) monthly panel that includes 550,409
individuals aged 60 and over who received any level of the LTCA at least once between
January 1, 2016 and December 31, 2018, including 388,024 individuals who already were
LTCA recipients in January 2016.5 The remaining 162,385 individuals received the LTCA
for the first time between February 2016 and December 2018.6 Thus, on average 4,640
individuals enter the LTCA system each month, 77.8 % of whom (about 3,611 per month)
are between 60 and 85 years of age. The mean age of first-time receivers in our data set
is 78.2 years, and more than half (50.7 %) enter the system at the lowest allowance level
1.7 52.7 % of first-time receivers are female, which is slightly lower than the population
share of women among persons age 60 and over in Austria (55.7 %).

The second data set is our “control sample”, an (unbalanced) monthly panel of 435,332
individuals between 60 and 85 years of age who did not receive the long-term care allowance

5Mortaility is the main reason why the panel is unbalanced. In sum, 168,151 individuals in our dataset
pass away between January 2016 and December 2018.

6In our data, we measure the receipt of LTCA by an indicator variable that is either zero (for non-
receivers) or between 1 and 7, representing the respective level of LTCA received at time t. We identify
new recipients by a switch in this indicator from zero to a value between 1 and 7 from one month to the
next. Since there is no information on the level of LTCA in December 2015, our data does not allow us
to distinguish between those who received LTCA for the first time in January 2016 and those who were
already LTCA recipients in December 2015.

7Another 20.4 % of first-time receivers enter at level 2, 14.3 % at level 3, 8.1 % at level 4 and 4.6 % at
level 5. It is rare for first-time receivers to enter at levels 6 (1.3 % of all first-time recipients) or 7 (0.5 %).
Thus, in general, first-time receivers enter at relatively low levels of the LTCA. Changes in the LTCA level
are, however, quite frequent, and we observe 391,919 level changes, of which 96.5 % are increases, mostly
by one level (52.6 %).
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during the same period. These individuals were randomly chosen based on a stratified
random sample from the universe of all individuals in the public health system such that
for each individual receiving LTCA between January 1, 2016 and December 31, 2018 there
are two individuals in the same stratum who did not receive LTCA. Together with the
case sample, the control sample will be used to classify the first-time receipt of the LTCA
(see below). Strata were defined as the interactions of region of residence (at the NUTS-2
level), sex (female and male) and 5-year age brackets. As LTCA receipt increases strongly
with age, only one person in the same stratum could be chosen for individuals in the age
bracket between 81 and 85 years. Data for older cohorts are not available for analysis,
but given that the majority of first-time recipients are between 60 and 85 years of age, the
control sample has sufficient common support to classify the vast majority of first-time
receivers in the case sample.

In addition to details about the LTCA status and level, both data sets contain not only
information about personal characteristics such as age, sex, and place of residence (at the
NUTS-3 level, i. e. districts or groups of municipalities), but also about the consumption
of health services, such as detailed information on the frequency of contact with gen-
eral practitioners, specialist doctors and other contractual partners (bandage specialists,
emergency services, etc., see appendix Table A.2 for a full list). Consultations of general
practitioners and specialist doctors who have a contract with at least one public health
insurance provider are, in general, free of charge for patients in the Austrian public health
insurance system, and doctors directly invoice the patient’s insurance provider for each
visit.8 Every time a patient consults a doctor, a “contact” is registered in our data and
this information is aggregated at the monthly level.

Furthermore, the data sets contain information on the drugs dispensed according to the
“Anatomical-Therapeutic-Chemical Classification” (ATC). Unfortunately, information on
the quantity or the recommended frequency of consumption is not included; instead, we
proxy drug consumption using indicator variables that indicate whether a drug with a
specific ATC code was dispensed in a given month (1, zero else). Finally, they contain data
from the hospital sector. The latter provide information on the frequency and duration
of inpatient hospital stays (aggregated at the monthly level) as well as the principal and
(if given) secondary diagnoses (according to the “International Statistical Classification
of Diseases and Health Problems”, ICD-10) and the individual medical services provided.
Both diagnoses and medical services are measured using indicator variables.

In our exploratory empirical analysis, personal characteristics and the use or frequency
of use of healthcare services during a defined “observation period” [t − a, t) are used to
model the occurrence of first-time receipt of long-term care allowance in a subsequent
“event period” [t, t + b).9 For this purpose, we apply statistical learning methods. These

8According to the Austrian Medical Association, 59.7 % of all general practitioners with a doctor’s
office have had contracts with at least one public health insurance provider in 2023, see ÖAK, 2024.

9Following the conventional interval notation, square brackets indicate that an endpoint is included in
the interval while parentheses indicate that an endpoint is excluded. The interval [01/2017, 01/2018) for
example includes January 1, 2017, but ends on December 31, 2017.
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are suitable for filtering out those variables from a large number of potential explanatory
factors that, ceteris paribus, have the strongest statistical correlation with the future
occurrence of the event in question. This is especially relevant in this context because
it allows us to make use of the detailed information available in the administrative data,
which differentiates between 58 types of medical specialists and doctors, 483 Level 4 ATC
codes, 1,483 3-digit ICD-10 codes and a total of 1,553 different individual medical services,
from medical tests to operations. Consequently, the results of the exploratory data analysis
should not be understood as causal relationships, but rather as statistical correlations (or
precedents) between the use of healthcare services and changes in the use of long-term
care benefits.

Specifically, we use logistic regressions with regularization to avoid overfitting and to help
with variable selection. Three common regularization methods are used: Lasso, Ridge
Regression and Elastic Net (Hoerl & Kennard, 1970; Tibshirani, 1996; Zou & Hastie,
2005). Lasso and Elastic Net are particularly suitable as they shrink the parameters of
variables with low explanatory value to zero. This leads to a data-driven selection of
variables, which improves the interpretability of the results (Tibshirani, 1996).

To select the strength of the regularization, the data sets are randomly divided into training
and test data (Hastie et al., 2009). The model is first optimized using the training data
(75 % of all observations) using fivefold cross-validation and using the area under the
“receiver operating characteristic” (ROC) curve (AUC) as the evaluation metric.10 Then,
the quality of the model is assessed using the test data (25 % of all observations). As these
have not been used to estimate and optimize the model (“out-of-sample” prediction), this
approach is suitable for determining how well the estimated model can predict events in
other, yet “unknown” data.

Throughout our analysis, the “observation” and “event” periods will pivot around Jan-
uary 2018 (t = 01/2018). This allows us to consider event periods of up to 12 months
(January – December 2018) as well as preceding observation periods of up to 24 months
(January 2016–December 2017). The summary statistics in Table 2 therefore show infor-
mation about personal characteristics in January 2018 as well as aggregated health service
consumption in the observation period January 2016–December 2017 for individuals in the
case sample who were first-time receivers of LTCA in the event period January–December
2018 and individuals in the control sample. Both groups include only those who were
between 60 and 85 years of age to make the “case” and “control” samples comparable in
this respect.11 These observations will be used to classify the first-time receipt of LTCA.

Table 2 shows that first-time receivers in the event period [01/2018, 01/2019) are on
average 3.1 years older than those in the control sample. As mentioned above, this is

10ROC curves compare the true-positive rate of a classification method (sensitivity) with its false-
positive rate (failure rate or 1-specificity). In general, models with the highest possible sensitivity at the
lowest possible failure rate are desirable. Such models have an AUC close to 1. Models with an AUC
between 0.8 and 0.9 can be said to have “excellent” discriminatory power (see Hosmer & Lemeshow, 2000,
p. 162).

11Individuals who died before January 2018 are not included.
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Table 2: Summary statistics for first-time receivers of LTCA in [01/2018, 01/2019) and
control sample

Control sample Case sample,
First-time receivers

Mean S. D. Mean S. D. Difference Std.
in means Error

Female (=1) 0.566 0.496 0.575 0.494 0.009∗∗∗ 0.003
Age 73.163 6.144 76.303 6.470 3.140∗∗∗ 0.033
General practitioner contacts 23.348 20.521 35.797 27.301 12.449∗∗∗ 0.139
Specialist doctor contacts 15.059 15.052 16.893 17.637 1.834∗∗∗ 0.091
Other contractor contacts 6.651 13.526 10.689 21.822 4.038∗∗∗ 0.110
Hospital inpatient stays (days) 2.919 8.024 9.960 18.942 7.041∗∗∗ 0.095
Observations 433,448 40,534

Note: Event period [01/2018, 01/2019). General practitioner, specialist doctor and other contractor con-
tacts as well as hospital inpatient stays measured during observation period [01/2016, 01/2018). Includes
only individuals between 60 and 85 years of age. ∗ significant at 10 %, ∗∗ 5 %, ∗∗∗ 1 % level.

to be expected and highlights the importance of controlling for age in the regressions.
Furthermore, first-time receivers had significantly more contacts with general practitioners,
specialist doctors and other contractual partners in the Austrian social security system
in the preceding observation period [01/2016, 01/2018).12 In addition, they had more
inpatient stays in the observation period than those in the control sample. This suggests
that data on medical service consumption may substantially improve the prediction of
the first-time receipt of LTCA. There is also a small but insubstantial deviation in the
percentage of women between the case and control samples.

5 Empirical analysis

5.1 Logit regressions

To provide a first impression of the correlations between the consumption of health services
and the first-time receipt of LTCA, Table 3 shows the results of basic Logit regressions
on the training data using observation and event periods of one year: age increases the
likelihood of LTCA uptake while women are, given age and region of residence, less likely
to start receiving LTCA in the event period.13 As expected, data on medical service
consumption improves the prediction, as highlighted by an increase in the AUC from
column (1) to column (2). The number of general practitioner visits and the length of
hospital inpatient stays in 2017 are positively correlated with receiving LTCA for the first

12For general practitioners, specialist doctors, and other contractors, each visit counts as a “contact”.
“Other contractors” include providers of medical products such as pharmacies, medical stores, optometrists,
etc., but also medical laboratories, medical service providers such as physiotherapists, dental laboratories,
orthopedic technicians, etc. Detailed information about the type of contractor will be used in the analysis
below.

13While the region of residence is not of special interest to us, dummy variables for the NUTS-3 region
of residence are included because they may reflect differences between rural and urban regions, for example
regarding the supply of health services or income, wealth and educational distributions.
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time in 2018. Given the number of general practitioner visits, the number of specialist
visits has a negative correlation, while more frequent visits to other contractors in the
observation period are again positively correlated with receiving LTCA in the event period.

Table 3: Logit regressions, yi = first-time receipt of LTC allowance in [01/2018, 01/2019).

(1) (2)
Female (= 1) −0.063∗∗∗ −0.028∗∗

(0.012) (0.013)
Age 0.094∗∗∗ 0.087∗∗∗

(0.001) (0.001)
General practitioner contacts 0.031∗∗∗

(0.001)
Specialist doctor contacts −0.011∗∗∗

(0.001)
Other contractor contacts 0.011∗∗∗

(0.001)
Hospital inpatient stays (days) 0.049∗∗∗

(0.001)
Constant −10.145∗∗∗ −10.186∗∗∗

(0.131) (0.137)
NUTS-3 fixed effects (= 1) Yes Yes
Observations (training data) 355,486 355,486
Observations (test data) 118,496 118,496
AUC (training data) 0.651 0.733
AUC (test data) 0.651 0.732
Log Likelihood -100,073.899 -93,598.770

Notes: Robust standard errors in parentheses. Model estimated on training data (75 % random sample of all
data). Dependent variable: yi = 1 if person i received LTC allowance for the first time in event period [01/2018,
01/2019), zero else. Observation period: [01/2017, 01/2018). Includes only individuals between 60 and 85 years of
age. Coefficients for 34 regional dummies at NUTS-3 level estimated but not shown. AUC: Area under ROC curve.
∗significant at 10 %, ∗∗5 %, ∗∗∗1 % level.

A comparison of the areas under the ROC curves between the training data (on which
the model was estimated) and the test data (the remaining 25 % of all data) shows that
there is hardly any difference between the two metrics. This suggests that overfitting is
not a problem with such a restricted set of variables. However, it also shows that the
predictive power of such a model is relatively limited. For example, as Figure 1 shows,
at a sensitivity (true-positive-rate) of 0.8, where 80 % of the true first-time receivers are
correctly classified, the false-positive-rate is as high as 51.1 (50.8) % in the test (training)
data using model (2) of Table 3: thus, more than half of those who did not receive LTCA in
the event period [01/2018, 01/2019) would be incorrectly classified as first-time receivers.14

Adding more information regarding the consumption of health services in the observation
period improves the predictive power of the model. Table 4 shows the results of a Logit
model that includes the variables used to estimate the model in Table 3 but replaces
the specialist doctor and other contractor contact variables with 57 variables measuring
the frequency of contacts to each of the specific specialist doctors and other contractors
(SDOCs) listed in Appendix Table A.2. In addition, we include dummy variables for

14The choice of using a sensitivity of 0.8 to evaluate the false-positive-rate is arbitrary, but will be
followed throughout.
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Figure 1: ROC curves for model (2) in Table 3 evaluated on the training and test data.

Notes: ROC: Receiver operating characteristic; AUC: Area under the ROC curve.

individual medical services (IMS, “Medizinische Einzelleistungen”) performed during (in-
patient and outpatient) hospital visits listed in the 22 chapters of the catalog of services
of the Austrian hospital sector (see BMSGPK, 2020b, and Appendix Table A.1). These
dummy variables take on a value of one if a service from the chapter was performed at least
once during the observation period.15 Dummy variables for each of the 22 ICD-10 blocks
that equal one if at least one diagnosis from the block was made during these hospital
visits (zero else) are also included.16 Finally, we also add dummy variables for all 14 ATC
groups (Appendix Table A.4) to the specification that take on the value one if at least one
drug from the respective group was dispensed at least once during the observation period,
zero else.

The resulting model has an AUC of 0.776 (0.778) in the test (training) data, and at a
sensitivity of 0.8 there is a substantial reduction in the false-positive rate to 40.9 % in
the test data (Figure 2). As Table 4 shows, many specialist doctor and other contractor
contacts as well as medical services are, ceteris paribus, negatively correlated with the
event. Whether this suggests that, all else equal, visiting a specialist can be seen as a
preventive measure or whether this is a selection effect (such that, for example, those who

15This national catalog is used to document the medical services delivered in the Austrian hospital
sector. In 2020, it contained 2,007 different 5-digit codes organized into 22 chapters. For example, one of
the most common medical services, “CAT scan of head and neck” (code ZA010), is contained in chapter
“Diagnostic and Interventional Imaging” (IMS chapter 12) that, inter alia, also includes MRI and X-ray
imaging. Since there are some codes that are not included in the 22 chapters, Table 4 also contains a 23rd
dummy variable “IMS chapter NA” for these services.

16The ICD blocks “1” and “9” are not officially part of the ICD-10, but Austrian national special codes
that represent additional diagnoses, see BMSGPK, 2020a.
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are able to visit an ophthalmologist or a dentist are in otherwise better physical condition),
cannot be answered with the data and methods at hand. Among the disease diagnoses
and drug classifications most statistically significant correlations are, however, positive.

Figure 2: ROC curves for model in Table 4 evaluated on the training and test data.

Notes: AUC: Area under the ROC curve. ROC: Receiver operating characteristic.

To assess the ability of the model to predict the first-time receipt of LTCA over different
time horizons, we test four different lengths of the observation period—two years (January
1, 2016 to December 31, 2017), one year (January 1, 2017 to December 31, 2017), half a
year (July 1, 2017 to December 31, 2017) and, finally, one quarter (October 1, 2017 to
December 31, 2017)—and four different lengths of the event periods: one month (January
1, 2018 to January 31, 2018), one quarter (January 1, 2018 to March 31, 2018), half a year
(January 1, 2018 to June 30, 2018) and one year (January 1, 2018 to December 31, 2018).

The results in Table 4 show that the first-time receipt of LTCA can be predicted relatively
well in the short term, while models that use longer event periods and/or longer observation
periods have lower predictive abilities.17 For example, as shown in the upper panel of Table
5, a Logit model estimating the probability of receiving care allowance for the first time in
January 2018 based on healthcare services received in the third quarter of 2017 achieves an
area under the ROC curve of up to 0.883 in the test data. Accordingly, the false-positive-
rate also decreases substantially, for example to 18.8 % at a sensitivity (true-positive-rate)

17The size of the training and test data vary by the length of the event period because each month
new individuals enter the case sample (as first-time receivers of LTCA) while persons who die exit the
case and control samples. For example, a person who receives LTCA in February 2018 is not in the case
sample for the event period [01/2018, 02/2018) but would be included in the case sample for the event
period [01/2018, 04/2018). Similarly, a person from the control sample who died in February 2018 would
be included in the control sample for the event period [01/2018, 02/2018), but not for the event period
[01/2018, 04/2018).
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Table 4: Logit regression, yi = first-time receipt of LTC allowance in [01/2018, 01/2019).

Variable Coef. S. E. Variable Coef. S. E.
Female (=1) 0.001 (0.015) IMS chapter 3 0.029 (0.033)
Age 0.092∗∗∗ (0.002) IMS chapter 4 −0.124∗ (0.068)
Gen. pract. contacts 0.015∗∗∗ (0.001) IMS chapter 5 −0.034 (0.022)
SDOC code 2 0.132 (0.372) IMS chapter 6 −0.355∗∗∗ (0.137)
SDOC code 3 −0.022∗∗∗ (0.005) IMS chapter 7 −0.034∗ (0.019)
SDOC code 4 −0.015∗ (0.009) IMS chapter 8 −0.123∗∗∗ (0.024)
SDOC code 5 −0.017∗∗∗ (0.005) IMS chapter 9 −0.099∗∗∗ (0.027)
SDOC code 6 −0.126∗∗∗ (0.016) IMS chapter 10 −0.114∗∗∗ (0.024)
SDOC code 7 0.002 (0.003) IMS chapter 11 −0.921∗ (0.509)
SDOC code 8 −0.213 (0.438) IMS chapter 12 0.073∗∗∗ (0.006)
SDOC code 9 −0.055∗∗∗ (0.008) IMS chapter 13 −0.009 (0.019)
SDOC code 10 0.014∗∗ (0.007) IMS chapter 14 0.023 (0.034)
SDOC code 11 0.046∗∗∗ (0.008) IMS chapter 15 0.016 (0.014)
SDOC code 12 −0.002 (0.002) IMS chapter 16 −0.073∗∗∗ (0.014)
SDOC code 13 −0.010∗ (0.005) IMS chapter 17 0.079∗ (0.044)
SDOC code 14 −0.113∗∗∗ (0.008) IMS chapter 18 0.061∗∗∗ (0.010)
SDOC code 15 −0.073∗∗∗ (0.027) IMS chapter 20 −0.090∗∗ (0.045)
SDOC code 16 −0.039∗∗∗ (0.006) IMS chapter 21 0.038∗∗∗ (0.006)
SDOC code 17 −0.055∗∗∗ (0.004) IMS chapter 22 0.871∗∗ (0.339)
SDOC code 18 0.010 (0.033) IMS chapter NA −0.064∗∗ (0.032)
SDOC code 19 0.081∗∗∗ (0.007) ICD block 1 0.279∗ (0.157)
SDOC code 20 0.043∗∗∗ (0.010) ICD block 9 −0.041 (0.073)
SDOC code 21 −0.071 (0.120) ICD block A 0.113∗ (0.065)
SDOC code 24 −1.120 (0.986) ICD block B −0.025 (0.073)
SDOC code 27 −0.047∗∗∗ (0.006) ICD block C 0.725∗∗∗ (0.035)
SDOC code 29 −0.094 (0.078) ICD block D 0.180∗∗∗ (0.036)
SDOC code 40 0.017 (0.018) ICD block E 0.078∗∗∗ (0.029)
SDOC code 42 0.003 (0.002) ICD block F 0.555∗∗∗ (0.040)
SDOC code 43 0.078 (0.253) ICD block G 0.119∗∗∗ (0.036)
SDOC code 50 −0.009∗∗ (0.004) ICD block H −0.031 (0.035)
SDOC code 52 −0.184∗∗ (0.090) ICD block I 0.043 (0.026)
SDOC code 53 −0.170∗∗∗ (0.021) ICD block J 0.285∗∗∗ (0.035)
SDOC code 55 −0.045 (0.055) ICD block K −0.103∗∗∗ (0.031)
SDOC code 61 0.074∗∗∗ (0.005) ICD block L 0.293∗∗∗ (0.061)
SDOC code 62 −0.046 (0.123) ICD block M −0.278∗∗∗ (0.030)
SDOC code 63 0.008∗ (0.004) ICD block N 0.119∗∗∗ (0.032)
SDOC code 64 0.017 (0.036) ICD block Q −0.065 (0.115)
SDOC code 65 0.015∗∗∗ (0.001) ICD block R 0.119∗∗∗ (0.032)
SDOC code 66 0.021 (0.017) ICD block S 0.398∗∗∗ (0.075)
SDOC code 67 −0.009 (0.043) ICD block T 0.033 (0.055)
SDOC code 68 −0.037 (0.028) ICD block U 0.218 (1.379)
SDOC code 69 0.081∗∗∗ (0.014) ICD block Z −0.025 (0.037)
SDOC code 72 0.034 (0.031) ATC group A 0.012∗∗∗ (0.001)
SDOC code 73 0.485∗∗∗ (0.090) ATC group B 0.013∗∗∗ (0.002)
SDOC code 75 0.021 (0.015) ATC group C −0.000 (0.001)
SDOC code 80 −0.007 (0.007) ATC group D −0.001 (0.004)
SDOC code 81 0.123∗∗∗ (0.027) ATC group G −0.001 (0.002)
SDOC code 84 0.100∗∗∗ (0.011) ATC group H 0.009∗∗ (0.004)
SDOC code 85 −0.007∗∗∗ (0.002) ATC group J 0.001 (0.005)
SDOC code 86 −0.002 (0.008) ATC group L 0.031∗∗∗ (0.003)
SDOC code 87 0.064∗∗∗ (0.020) ATC group M 0.016∗∗∗ (0.002)
SDOC code 91 −0.008∗∗∗ (0.002) ATC group N 0.026∗∗∗ (0.001)
SDOC code 92 0.012 (0.011) ATC group P −0.079 (0.055)
SDOC code 99 0.020∗∗ (0.008) ATC group R 0.023∗∗∗ (0.001)
Hosp. inp. stays (days) 0.024∗∗∗ (0.002) ATC group S 0.000 (0.002)
IMS chapter 1 −0.025 (0.024) ATC group V 0.041∗∗ (0.016)
IMS chapter 2 0.046∗∗∗ (0.012) Constant −10.548∗∗∗ (0.141)
NUTS-3 fixed effects (= 1) Yes AUC (training data) 0.778
Observations (training data) 355,486 AUC (test data) 0.776
Observations (test data) 118,496 Log Likelihood -89,060.100

Notes: Robust standard errors in parentheses. Model estimated on training data (75 % random sample of all
data). Dependent variable: yi = 1 if person i received LTC allowance for the first time in event period [01/2018,
01/2019), zero else. Observation period: [01/2017, 01/2018). Includes only individuals between 60 and 85 years
of age. Coefficients for 34 regional dummies at NUTS-3 level estimated but not shown. SDOC: specialist doctor
or other contractor, IMS: individual medical service, ATC: Anatomical-Theurapeutic-Chemical Classification, ICD:
International Classification of Diseases, AUC: Area under ROC curve. ∗significant at 10 %, ∗∗5 %, ∗∗∗1 % level.
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of 80 %. The importance of short-run information becomes even more apparent if the
consumption of health services in the month preceding the event period (i. e., December
2017) is excluded from the analysis (lower panel of Table 5), which causes a substantial
decline in our evaluation metric. And while the AUC drops from 0.883 points to 0.847
(−0.36 points) with an extended observation period of two years, it hardly changes with
the length of observation period if the month prior to the event period is omitted, which
shows that short-run information is crucial.

This suggests that an attempt to predict first-time LTCA receivers is most promising if it 1)
uses short-term data on the consumption of health services, while healthcare information
that dates further back is less relevant, and 2) tries to predict the event under investigation
within a relatively short time frame of, for example, one month. For this reason, the
remaining discussion will focus on predicting the first-time receipt of LTCA in the event
period [01/2018, 02/2018) based on the observation period [10/2017, 01/2018).

Table 5: AUC based on the test data for models with different observation and event
periods.

Event periods
[01/2018, [01/2018, [01/2018, [01/2018,

Observation period 02/2018) 04/2018) 07/2018) 01/2019)

[10/2017, 01/2018) 0.883 0.830 0.799 0.772
[07/2017, 01/2018) 0.877 0.829 0.800 0.775
[01/2017, 01/2018) 0.862 0.822 0.797 0.776
[01/2016, 01/2018) 0.847 0.812 0.791 0.776

Event periods
[01/2018, [01/2018, [01/2018, [01/2018,
02/2018) 04/2018) 07/2018) 01/2019)

[10/2017, 12/2017) 0.818 0.787 0.773 0.754
[07/2017, 12/2017) 0.817 0.791 0.777 0.760
[01/2017, 12/2017) 0.806 0.787 0.777 0.763
[01/2016, 12/2017) 0.797 0.782 0.774 0.765
Frequency of yi = 1 (training data) 0.0074 0.026 0.051 0.086
Frequency of yi = 1 (test data) 0.0074 0.026 0.051 0.085
Observations (training data) 349,012 348,996 348,977 355,486
Observations (test data) 116,337 116,332 116,326 118,496

Notes: Model estimated on training data (75 % of all data) using specification from Table 4. Lower panel
shows estimations excluding the month immediately prior to the event period (December 2017). AUC:
Area under the ROC curve. ROC: Receiver operating characteristic.

5.2 Statistical learning models

To harness the full potential of our data we can use the most detailed levels of the health
consumption variables available: instead of 22 IMS chapters, we can use the 1,553 IMS
codes for all individual medical services in our data, instead of 22 ICD-10 blocks we can
use 1,483 3-digit ICD-10 codes and instead of 14 ATC groups we can use 483 Level 4
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ATC codes. Using such high-dimensional data, however, increases the risk of “overfitting”
the model to the training data based on the particular idiosyncrasies of this dataset. An
overfitted model may then perform worse on the test data than a model that is slightly
less-well fitted to the training data (“bias–variance trade-off”, see Hastie et al., 2009, p.
223).

This also appears to be the case in our data: a Logit model fitted on the training data
that includes the detailed health consumption information outlined above reaches an AUC
of 0.909 (Table 6). When applied to the test data, however, the AUC drops considerably
to 0.745 with a corresponding failure rate (at a sensitivity of 80 %) of almost 60 % false-
positives. The out-of-sample performance of the model using the fully detailed health data
is thus worse than the performance of the model in Table 4 although the latter is based
on fewer details.18

This calls for a supervised learning approach that takes this trade-off into account. We
therefore extend the logistic regression applied above by introducing regularization meth-
ods. These methods add a “penalty term” to the log-likelihood function maximized in
logistic regression that penalizes either the sum of the squared coefficients (Ridge re-
gression) or the sum of the absolute values of the coefficients (Lasso) in a model. More
specifically, the regularized log-likelihood of the intercept β0 and the other estimated pa-
rameters β given the dependent variable y and the k = {1, . . . , K} explanatory variables
X is given by (Hastie et al., 2009, p. 125):

LLr(β0, β|y, X) =
N∑

i=1

{
yi

(
XT

i β + β0
)

− log
[
1 + exp

(
XT

i β + β0
)]}

− λℓj , (1)

where ℓj is the ℓ1 norm in case of the Lasso or the ℓ2 norm in case of the Ridge regression
over all K coefficients of the explanatory variables (except for the intercept β0):

ℓ1 = ∥β∥1 =
K∑

k=1
|βk|

ℓ2 = ∥β∥2
2 =

K∑
k=1

β2
k.

(2)

The hyperparameter λ determines the strength of the penalty. It is not estimated with the
Logit model, but optimized using fivefold cross-validation on the training data. Given the

18The number of active explanatory variables used in the estimation is 2,651, which is lower than the
theoretically possible 3,611 explanatory variables. The reason for this is that many individual medical
services, ICD-10 3-digit diagnoses and Level 4 ATC drug codes were not observed in the training data
during the observation period. Furthermore, only variables with non-zero variance among both first-time
recipients and non-recipients can be included in the model. For example, if a specific medical service was
provided to only one person in the observation period and that person later received LTCA for the first
time in the event period, this medical service would perfectly predict the dependent variable (because yi

is always 1 if this service is provided), causing complete separation and potential problems for regression
parameters and convergence (Mansournia et al., 2018).
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penalty term −λℓj , maximizing the log-likelihood may involve a “shrinkage” of (a large
number of) large coefficients that reflect idiosyncrasies of the training data towards zero.
This introduces a bias in the estimated coefficients, but may reduce the variance of the
model predictions when applied to the test data (James et al., 2013, p. 214). Since Lasso
can shrink the coefficients of unimportant variables to exactly zero, it can also be seen
as a variable selection tool and is thus especially well suited to our analysis because it
increases the interpretability of the classification model. Finally, we also apply an Elastic
Net model where the penalty term is given by:

−λ [αℓ1 + (1 − α)ℓ2]

with α ∈ [0, 1]. The Elastic Net is thus a mixture of the Lasso and Ridge regression, and
we set the combination ratio to α = 0.5.

Table 6: Logit, Lasso, Ridge regression, and Elastic Net models, yi = first-time receipt of
LTCA in [01/2018, 02/2018), observation period [10/2017, 01/2018).

Model Logit Lasso

(1) (2) (3) (4)

Data Training Test Training Test
Frequency of yi = 1 0.0074 0.0074 0.0074 0.0074
AUC 0.909 0.745 0.891 0.888
Failure rate (sensitivity = 0.8) 0.128 0.594 0.154 0.164
Active variables 2,651 2,651 2,651 461
Observations 349,223 116,126 349,223 116,126

Model Ridge Regression Elastic Net

(5) (6) (7) (8)

Data Training Test Training Test
Frequency of yi = 1 0.0074 0.0074 0.0074 0.0074
AUC 0.896 0.889 0.894 0.889
Failure rate (sensitivity = 0.8) 0.173 0.185 0.151 0.161
Active variables 2,651 2,651 2,651 513
Observations 349,223 116,126 349,223 116,126

Notes: Model estimated on training data (75 % of all data). Regularization strength λ optimized using fivefold
cross-validation. Dependent variable: yi = 1 if person i received LTCA for the first time in event period [01/2018,
02/2018), zero else. Observation period: [10/2017, 01/2018). Includes only individuals between 60 and 85 years of
age. AUC: Area under ROC curve. ROC: Receiver operating characteristic.

Columns (3)–(8) of Table 6 show the results of the three regularization models applied to
both the training and test data. All three regularization methods yield relatively similar
AUC values when evaluated on the test data (0.888–0.889) and perform substantially bet-
ter on this metric than unregularized Logit regression (0.745). In addition, the Lasso and
Elastic Net regularizations have a lower failure (false-positive) rate than Ridge Regression
at a sensitivity of 0.8. Compared to the simpler model estimated using the same obser-
vation and event period, but less detailed information shown in Table 5, the gain from
using the disaggregated drug, diagnosis and individual medical service variables is, how-
ever, marginal: AUC evaluated on the test data rises from 0.883 to, at best, a maximum
of 0.889, calling into question the usefulness of the more detailed data. Furthermore, the
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coefficients of 461 (513) variables are shrunk to zero in the Lasso (Elastic Net) regressions.
These results are also robust to a shift in the event period.19

As a final check of the predictive power of our approach the data and models in Table 6 are
expanded with information on the consumption of health services not only in the quarter
before the event period, but also during three lagged observation periods: (i) [07/2017,
10/2017), (ii) [01/2017, 07/2017) and (iii) [01/2016, 01/2017). These additional variables
will allow us to check whether medical procedures performed longer ago can improve the
predictive power of our statistical learning models. In sum, 10,810 predictor variables will
be used in the analysis, and it can be expected that models without regularization will
suffer from serious overfitting given such a large number of explanatory variables.

Table 7: Logit, Lasso, Ridge regression, and Elastic Net models, yi = first-time receipt of
LTCA in [01/2018, 02/2018), observation periods [10/2017, 01/2018), [01/2017, 07/2017)
and [01/2016, 01/2017).

Model Logit Lasso

(1) (2) (3) (4)

Data Training Test Training Test
Frequency of yi = 1 0.0074 0.0074 0.0074 0.0074
AUC 0.960 0.611 0.895 0.889
Failure rate (sensitivity = 0.8) 0.032 0.891 0.142 0.162
Active variables 10,810 10,810 10,810 535
Observations 349,223 116,126 349,223 116,126

Model Ridge Regression Elastic Net

(5) (6) (7) (8)

Data Training Test Training Test
Frequency of yi = 1 0.0074 0.0074 0.0074 0.0074
AUC 0.912 0.881 0.898 0.891
Failure rate (sensitivity = 0.8) 0.132 0.202 0.139 0.159
Active variables 10,810 10,810 10,810 632
Observations 349,223 116,126 349,223 116,126

Notes: Model estimated on training data (75 % of all data). Regularization strength λ optimized using fivefold
cross-validation. Dependent variable: yi = 1 if person i received LTCA for the first time in event period [01/2018,
02/2018), zero else. Observation periods: [10/2018, 01/2018), [07/2017, 10/2017), [01/2017, 07/2017) and [01/2016,
01/2017). Includes only individuals between 60 and 85 years of age. AUC: Area under ROC curve. ROC: Receiver
operating characteristic.

Indeed, although the AUC of the Logit model without regularization increases considerably
in the training data (from 0.909 to 0.960), in the test data it is even lower than before
(0.611) with a failure rate of almost 90 % at a sensitivity of 0.8 (Table 7), supporting
the choice of using regularization for classification. But even for the Logit models with
regularization, our main classification metric improves only marginally in the test data.
The best performing model is the Elastic Net, with an AUC in the test data of 0.891 in
Table 7, a modest increase compared to the model that uses only the most recent health
information (Table 6). This is also highlighted by the relatively small increase in the

19Results are available from the authors upon request.
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number of active variables (i. e., variables with non-zero coefficients) which rises from 513
to only 632.

This supports the conclusion that the recent health information is most important for
classifying the first time receipt of LTCA. More specifically, among the 632 active variables
in the best performing model (Elastic Net), 61.6 % (389) represent personal characteristics
(such as age) or health services consumed in the quarter immediately preceding the event
period. Only 16.6 % (105) are health services consumed in the third quarter of 2017,
13.1 % (83) are health services observed in the first half of 2017 and 8.7 % (55) represent
health services consumed in 2016.

5.3 Most important predictors

As mentioned above, an attractive feature of the Lasso and Elastic Net regressions is
that they shrink the parameters of less relevant variables to zero. The remaining “active”
variables in the (best-performing) Elastic Net model can therefore deliver insights into
the most important short-term predictors of the first-time receipt of LTCA.20 Among the
personal characteristics, only age remains as an active variable. The coefficients of sex
or region of residence are shrunk to zero, and thus have no additional predictive power
given the other variables included in the model. All other active characteristics, including
inpatient hospital stays and general practitioner visits, represent health variables. The
majority of the active variables (97.3 %) indicate individual medical services performed
(279 active variables, 44.1 % of all active variables) and diagnoses made during hospital
visits (266 variables, 42.1 %) or ATC codes (70 variables, 11.1 %). This is, however, not
surprising given that IMS as well as ICD and ATC codes account for 97.7 % of all variables
considered in the model.

To help assess the relative importance of the various factors, Figure 3 lists the 20 largest
standardized coefficients of the Elastic Net model of Table 7. These “beta” coefficients
measure the (standard deviation) change in the dependent variable following a one stan-
dard deviation change in the explanatory variables. Standardization of the coefficients
not only eliminates differences in the scale of the explanatory variables, thus making the
effects of variables with different units of measurement comparable, it also relates the esti-
mated effects to the actual variation in the explanatory variables in the sample: variables
with large coefficients but small variation between observations therefore have smaller
standardized coefficients than otherwise similar variables with larger variation between
individuals.

All variables related to the consumption of health services in Figure 3 are observed in the
quarter before the event period.21 The most important predictor variables for the first-

20Again, one has to bear in mind that these factors are not to be interpreted causally. In addition, the
ℓ1 norm also tends to shrink the coefficient of collinear variables to zero. Therefore, some predictors of
LTCA receipt may be missing from the final set of “active” variables if they are highly correlated with
other active variables.

21Among the 50 variables related to the consumption of health services with the largest standardized
coefficients, 88 % are observed in the period [10/2017, 01/2018).
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Figure 3: 20 variables with largest standardized coefficients of the Elastic Net model of
Table 7.

Notes: All listed variables related to the consumption of health services observed in observation period [10/2017,
01/2018). SDOC: specialist doctor or other contractor, IMS: individual medical service, ATC: Anatomical-
Theurapeutic-Chemical Classification, ICD: International Classification of Diseases.
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time receipt of LTCA in the short term are age, inpatient hospital stays (in days) and the
number of contacts to general practitioners: a one-standard-deviation increase in these
variables raises the dependent variable by 0.370, 0.233 and 0.179 standard deviations, re-
spectively. There is also a noticeable accumulation of drugs from ATC group “N” among
the most important predictors. These drugs are related to the nervous system and include
anti-dementia drugs (N06DA), anti-Parkinson drugs (N04BA), antidepressants (N06AB)
as well as Pyrazolones (N02BB) that belong to the subgroup of analgesics (N02). Com-
puter tomography scans of the head and neck or diagnoses such as “cerebral infarction”,
“essential hypertension”22 or domestic accidents also show a clear precedence for the first-
time receipt of LTCA in the short term. The relative importance of orthopedic bandage
specialists and emergency medical transport services may mask some of the underlying
medical reasons for visiting orthopedic bandage specialists (e. g. the diagnosis on which
the prescription of an orthopedic bandages was based on) or the medical emergency that
triggered an ambulance ride. Again, these variables cannot be interpreted as suggesting
causality (e. g., more frequent doctor visits or ambulance rides in one period causally in-
creasing the probability of receiving LTCA in a later period), but rather as a precedence:
all else equal, we observe more frequent doctor visits and ambulance rides in the months
preceding the first-time receipt of long-term care allowance, so that these variables ce-
teris paribus imply that the person is more likely to become a receiver of LTCA in the
immediate future.

6 Discussion

Our empirical analysis provides a comprehensive assessment of the predictors for first-time
receipt of the Austrian long-term care allowance (LTCA) using rich administrative data
and statistical learning methods. Several key findings emerge from the results.

The analysis demonstrates that short-term healthcare data are particularly powerful for
predicting LTCA entry. Models that use health service consumption in the quarter imme-
diately preceding the event period achieve the highest predictive accuracy, while extending
the observation window back in time diminishes predictive performance. This highlights
the acute nature of health shocks or rapid declines that often trigger LTCA applications,
emphasizing the value of timely data for early identification of individuals at risk.

Expanding the set of predictors to include detailed information on specialist visits, in-
dividual medical services, diagnoses (ICD-10 codes), and drug dispensings (ATC codes)
improves model performance only marginally. While high-dimensional models can cap-
ture more nuanced risk profiles, the risk of overfitting increases, as evidenced by the drop
in out-of-sample performance for the most granular models. The use of regularization
techniques such as Lasso, Ridge, and Elastic Net mitigates this risk, maintaining strong
predictive power while improving model interpretability by selecting the most relevant
variables.

22High blood pressure that is not associated with any other disease.
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Age stands out as the most significant predictor for entering LTCA, which aligns with the
expectation that increasing age is closely associated with declining health and functional
capacity. In addition to age, healthcare utilization patterns—notably, frequent contacts
with general practitioners, higher numbers of hospital inpatient days, and increased use
of other medical services—are strongly correlated with subsequent LTCA receipt. These
findings suggest that deteriorating health, as reflected in intensified healthcare interactions,
often precedes the transition into the long-term care allowance system. Among medical
predictors, dementia-related diagnoses and dispensings of neuroactive medications (ATC
group N) are especially prominent, corroborating the established link between cognitive
decline and the need for care.

Other strong predictors include diagnoses such as cerebral infarction and essential hyper-
tension, as well as certain medical procedures like computer tomography scans. Interest-
ingly, some elective procedures (e. g., joint replacements) are negatively correlated with
LTCA entry, possibly reflecting that such interventions are more likely among healthier
individuals.

Can the model results be used to develop a short-term leading indicator for future receipt
of LTCA at the individual level? We argue that this remains methodologically challeng-
ing, as the events analyzed are not evenly distributed in the available data and the low
baseline incidence of LTCA entry. Between 2016 and 2018, an average of just over 3,600
first-time recipients of long-term care benefits per month were observed in the age group
60 to 85, which comprises about 1.9 million people. Even if those already receiving long-
term care benefits are excluded from this figure, there would still be a high number of
false positive classifications even with a very low relative error rate, i. e., the model would
incorrectly assign too many people to the group of first-time long-term care allowance
beneficiaries. Despite the already good predictive performance of the methods used here,
the development of a leading indicator at the individual level therefore seems to require
further research to evaluate alternative advanced classification methods. However, ag-
gregating individual-level predictions offers significant value for more detailed systemic
capacity planning, for example at the regional level.

7 Conclusions

We address the pressing question of how well long-term care allowance (LTCA) uptake
can be predicted using recent healthcare utilization data. We use Austrian administrative
data to systematically investigate the empirical relationship between individuals’ health
service consumption and their subsequent entry into the LTCA system. This question is
of growing importance given the rapidly increasing demands on long-term care systems
in aging societies, as well as the need for effective, data-driven policy responses to ensure
sustainability and equity in care provision.

The empirical analysis confirms that LTCA entry can be effectively anticipated using re-
cent patterns in healthcare utilization. Age is the most influential predictor, reflecting
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the cumulative effects of functional and cognitive decline that often accompany advanced
years. Hospitalizations, frequent general practitioner (GP) contacts, and dispensings for
neuroactive medications also emerge as strong short-term predictors, highlighting the role
of acute health events and deteriorating health status in triggering care needs. The pre-
dictive power of our models is highest when relying on healthcare data from the months
immediately preceding LTCA uptake, underscoring the importance of timely information
for early intervention. Our findings are consistent with previous research indicating the
critical role of healthcare interactions in transitions to formal care systems, and they
provide a foundation for data-driven improvements in policy and practice.

While regularization techniques such as Lasso, Elastic Net, and Ridge regression help
manage the complexity of high-dimensional data and prevent overfitting, the challenge
of developing a reliable individual-level early warning indicator remains. This is due
to the relatively low incidence of new LTCA recipients and the risk of false positives.
Nevertheless, the findings provide actionable insights for policymakers. Integrating health
and long-term care data can help identify high-risk groups, inform resource allocation, and
support the design of targeted preventive interventions.

The results have several important policy implications. First, they underscore the need
for age-sensitive policies that address not only chronological age but also the associated
declines in function and cognition. Preventive geriatric assessments and home adaptation
programs could help delay institutionalization and improve quality of life for older adults.
The strong association between dementia diagnoses and LTCA entry highlights the urgent
need to expand community-based dementia care and early intervention strategies focused
on cognitive health. Frequent GP visits are a clear signal of escalating care needs, posi-
tioning primary care providers as key actors in the early identification and management
of conditions that may lead to long-term care dependency. Strengthening the role of GPs
through structured care pathways and incentives for proactive frailty management could
have substantial preventive impact.

Despite the robustness of our findings, the study is limited by the lack of socio-economic
and psychological variables in the administrative data. These factors—such as wealth,
(pension) income, family status, educational background, and psychological aspects—are
known to affect both care needs and access (Casanova et al., 2023; Hoang et al., 2023;
McMaughan et al., 2020; Muir, 2017; OECD, 2024). Their exclusion thus constrains
the depth of our analysis. However, since a merged dataset encompassing all of these
characteristics is not currently available for Austria, integrating data on long-term care
and health services remains the most feasible option to show the health risks that precede
the uptake of LTCA.

This paper contributes to the literature by highlighting the complex interplay of medical,
demographic, and systemic factors in determining long-term care needs. The results advo-
cate for a multifaceted approach to policy formulation, emphasizing preventive healthcare,
regional equity, and the integration of medical and long-term care strategies. Future re-
search should continue to refine predictive models and explore innovative solutions to meet

23



the evolving challenges of long-term care provision in an aging society. For instance, one
could explore hybrid approaches combining these predictive models with qualitative as-
sessments of social support networks or caregiver availability. In addition, future research
could include information about the level of LTCA as an outcome variable or the health
reasons for transitions from one level to another, eventually higher level among those who
receive LTCA.
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A Appendix

Table A.1: IMS Chapter Codes

Code IMS Chapter
IMS chapter 1 Nervous system, psyche, cranial vault, spine
IMS chapter 2 Eyes and orbit
IMS chapter 3 Ears, nose, oral cavity, pharynx, face, facial skull, neck
IMS chapter 4 Respiratory system, thorax
IMS chapter 5 Heart and circulatory system
IMS chapter 6 Endocrine glands
IMS chapter 7 Digestive tract, abdomen
IMS chapter 8 Urogenital tract, obstetrics
IMS chapter 9 Skin and appendages
IMS chapter 10 Musculoskeletal system
IMS chapter 11 Organ transplantations
IMS chapter 12 Diagnostic imaging and interventions
IMS chapter 13 Radiotherapy
IMS chapter 14 Nuclear medical diagnostics and therapy
IMS chapter 15 Endoscopic diagnostics and therapy
IMS chapter 16 Invasive cardiological diagnostics and therapy
IMS chapter 17 Dialysis procedures
IMS chapter 18 Diagnostic and therapeutic procedures
IMS chapter 19 Neonatal/pediatric intensive care services
IMS chapter 20 Therapy in specialized departments
IMS chapter 21 Oncological therapy and other pharmacotherapy
IMS chapter 22 New diagnostic and treatment methods

Source: BMSGPK (2020b), own translation.

28



Table A.2: SDOC Codes

Code Description
SDOC code 1 General Practitioner
SDOC code 2 Specialist in Anesthesiology and Intensive Care Medicine
SDOC code 3 Specialist in Ophthalmology and Optometry
SDOC code 4 Specialist in Surgery
SDOC code 5 Specialist in Dermatology and Venereology
SDOC code 6 Specialist in Gynecology and Obstetrics
SDOC code 7 Specialist in Internal Medicine
SDOC code 8 Specialist in Pediatrics and Adolescent Medicine
SDOC code 9 Specialist in Ear, Nose, and Throat Diseases
SDOC code 10 Specialist in Pulmonary Diseases
SDOC code 11 Specialist in Neurology and Psychiatry
SDOC code 12 Specialist in Orthopedics and Orthopedic Surgery
SDOC code 13 Specialist in Physical and Rehabilitative Medicine
SDOC code 14 Specialist in Radiology
SDOC code 15 Specialist in Trauma Surgery
SDOC code 16 Specialist in Urology
SDOC code 17 Specialist in Dentistry, Oral and Maxillofacial Medicine
SDOC code 18 Specialist in Neurosurgery
SDOC code 19 Specialist in Neurology
SDOC code 20 Specialist in Psychiatry
SDOC code 21 Specialist in Plastic Surgery
SDOC code 24 Specialist in Nuclear Medicine
SDOC code 27 Doctor of Dental Medicine
SDOC code 29 Specialist in Immunology
SDOC code 30 Orthodontist
SDOC code 40 Hearing Aid Acoustician
SDOC code 41 Supplier of Hearing and Speech Aids
SDOC code 42 Supplier of Medical Aids and Assistive Devices
SDOC code 43 Ophthalmic Prosthetist
SDOC code 50 Specialist in Medical and Chemical Laboratory Diagnostics
SDOC code 52 Cytodiagnostic Laboratory
SDOC code 53 Specialist in Pathology
SDOC code 55 Specialist in Hygiene and Microbiology / Microbiological-Serological Laboratory Diagnostics
SDOC code 60 Public Pharmacy
SDOC code 61 Orthopedic Bandage Specialist
SDOC code 62 Licensed Dentist / General Dental Practitioner
SDOC code 63 Certified Physiotherapist
SDOC code 64 Certified Massage Therapist
SDOC code 65 Emergency Medical Transport Services
SDOC code 66 Certified Speech Therapist
SDOC code 67 Optician / Contact Lens Optician
SDOC code 68 Orthopedic Shoemaker
SDOC code 69 Orthopedic Technician
SDOC code 70 Midwife
SDOC code 71 Certified Nurse
SDOC code 72 Psychotherapist
SDOC code 73 Clinical Psychologist
SDOC code 75 Certified Occupational Therapist
SDOC code 80 Inpatient Medical Facility
SDOC code 81 Outpatient Medical Facility
SDOC code 84 CT, MRI, and Other Diagnostic Services
SDOC code 85 Independent Outpatient Clinic
SDOC code 86 Independent Outpatient Clinic for Dental, Oral, and Maxillofacial Medicine
SDOC code 87 Nursing Home for the Chronically Ill
SDOC code 89 Outpatient Rehabilitation Facility
SDOC code 91 Independent Outpatient Clinic for Physical Medicine
SDOC code 92 Home Nursing Organization
SDOC code 99 Other Contractual Partners

Source: Austrian Federation of Social Insurances, own translation.
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Table A.3: ICD-10 Chapters

ICD-10 block ICD-10 Chapter
ICD-10 block 1 Austrian Group 1: Nervous system, skull, spine
ICD-10 block 9 Austrian Group 9: Skin and appendages
ICD-10 block A Chapter I: Certain infectious and parasitic diseases
ICD-10 block B Chapter I: Certain infectious and parasitic diseases
ICD-10 block C Chapter II: Neoplasms
ICD-10 block D Chapter II: Neoplasms and Chapter III: Diseases of the blood and blood-forming organs and

certain disorders involving the immune mechanism
ICD-10 block E Chapter IV: Endocrine, nutritional and metabolic diseases
ICD-10 block F Chapter V: Mental and behavioural disorders
ICD-10 block G Chapter VI: Diseases of the nervous system
ICD-10 block H Chapter VII: Diseases of the eye and adnexa and Chapter VIII: Diseases of the ear and

mastoid process
ICD-10 block I Chapter IX: Diseases of the circulatory system
ICD-10 block J Chapter X: Diseases of the respiratory system
ICD-10 block K Chapter XI: Diseases of the digestive system
ICD-10 block L Chapter XII: Diseases of the skin and subcutaneous tissue
ICD-10 block M Chapter XIII: Diseases of the musculoskeletal system and connective tissue
ICD-10 block N Chapter XIV: Diseases of the genitourinary system
ICD-10 block Q Chapter XVII: Congenital malformations, deformations and chromosomal abnormalities
ICD-10 block R Chapter XVIII: Symptoms, signs and abnormal clinical and laboratory findings, not elsewhere

classified
ICD-10 block S Chapter XIX: Injury, poisoning and certain other consequences of external causes
ICD-10 block T Chapter XIX: Injury, poisoning and certain other consequences of external causes
ICD-10 block U Chapter XXII: Codes for special purposes
ICD-10 block Z Chapter XXI: Factors influencing health status and contact with health services

Source: WHO (2025b), blocks 1 and 9 refer to the Austrian classification as used in 2020.

Table A.4: ATC Codes

Code Description
ATC Code A Alimentary tract and metabolism
ATC Code B Blood and blood forming organs
ATC Code C Cardiovascular system
ATC Code D Dermatologicals
ATC Code G Genito urinary system and sex hormones
ATC Code H Systemic hormonal preparations, excl. sex hormones and insulins
ATC Code J Antiinfectives for systemic use
ATC Code L Antineoplastic and immunomodulating agents
ATC Code M Musculo-skeletal system
ATC Code N Nervous system
ATC Code P Antiparasitic products, insecticides and repellents
ATC Code R Respiratory system
ATC Code S Sensory organs
ATC Code V Various

Source: WHO (2025a).
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