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Abstract
Objectives To develop and validate a prediction model of societal costs during a period of six-month in
older community care-recipients across multiple European countries. 

Methods Data from the IBenC study were used. Participants were older community care-recipients from
�ve European countries. The outcome measure was mean six-months total societal costs of resource
utilisation (healthcare and informal care). Potential predictors were assessed at baseline and included
sociodemographic characteristics, functional limitations, clinical conditions, and diseases/disorders. The
model was developed by performing Linear Mixed Models with a random intercept for the effect of
country and validated by an internal-external validation procedure. Calibration curves and expected-to-
observed (E/O) ratios were calculated. 

Results Living alone, caregiver distress, ADL and iADL impairment, required level of care support, health
instability, presence of pain, behavioural problems, urinary incontinence, and multimorbidity signi�cantly
predicted societal costs during six months. The model explained 32% of the variation within societal
costs and showed good calibration in Iceland, Finland and Germany. Minor model adaptations improved
model performance in The Netherland and Italy. 

Conclusion The results can provide a valuable orientation for policymakers to better understand cost
development among older community care-recipients. Of the predictors that were identi�ed, caregiver
distress, ADL and IADL impairment, health instability, presence of pain, behavioural problems, and urinary
incontinence may be modi�able to some extent and could be targeted by interventions with the aim to
reduce costs. The other, non-modi�able predictors, including living alone, required level of care support,
and multimorbidity may be used by policy makers for optimal resource allocation.

Introduction
The number of disabled older individuals in need of long-term health and social care increases steeply in
Europe [1, 2]. Most of them prefer to stay at home independently for as long as possible with appropriate
support instead of going to a nursing home [3]. This policy is also promoted by many European
governments, as it is generally assumed that community care is associated with better self-reported
quality of life and with lower costs than institutionalised care [4, 5].

Despite this, governmental expenditures on health and long-term community care have grown faster than
can be expected based on demographic trends only [6]. Developments other than aging that probably
contributed to this include: a decline in the availability of informal caregiving due to societal
developments, higher expectations in terms of quality of life as people become wealthier, and high
investments in science and technology (both medical and non-medical) that enable people to stay at
home longer [2]. In combination with existing budget constraints, this has led to high pressure on care
systems across Europe. Many community care systems fall short to meet current care demands. This
may lead to premature institutionalisation and unnecessary hospital admissions, which in turn increases
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costs, leads to premature mortality and reduces quality of life [7, 8]. This situation exacerbates as Europe
is facing increasing shortages of home health aides and home nurses [9]. It is a major challenge for
policymakers to organise care in such a way that available resources are used optimally.

For a comprehensive view on total costs of care, it is important to take a societal perspective on costs
meaning that not only costs of health and social care should be included, but also informal care. This is
important because a large percentage of community care-recipients receive informal care regularly [8, 10].
We have only limited understanding of factors predicting costs of utilisation of formal and informal care
services by older community care-recipients. Previous studies on predictors of societal costs found that
country of residence, being married, functional limitations, limitations of going out, cognitive impairment,
number of medication intake, arthritis and cerebrovascular accident and comorbidity contributed to a
large extent to societal costs [11–17]. However, these studies mainly focused on disease-speci�c groups
such as people with dementia and not on people who receive community care in general. Since funding
systems in long-term care are not designed based upon disease-speci�c groups, insight into the
populations and the costs is essential for the sustainability of long-term care settings. Modi�able
conditions that are found to be cost drivers, might be targeted more adequately in order to curtail care
utilisation. Therefore, this study aimed to develop and validate a prediction model of societal costs during
a period of six-months of older community care-recipients across multiple European countries.

Methods
Design

Data were collected as part of the cross-European IBenC (“Identifying best practices for care-dependent
elderly by Benchmarking Costs and outcomes of community care”) study. IBenC had a prospective
longitudinal design and aimed to identify best practices in community care for care-dependent elderly
people by benchmarking the cost-effectiveness of community care delivery systems in Europe [18]. Data
collection was performed between January 2014 and August 2016.

The study was approved by all relevant medical ethical committees. When required, written informed
consent was obtained from participants prior to the assessments.

Setting and sample

The IBenC sample consisted of 2,884 community-dwelling care-recipients aged 65 years and older from
six European countries (Belgium, Finland, Germany, Iceland, Italy and The Netherlands), who received
professional community care and were expected to receive care for at least six months after inclusion.
Terminally ill care-recipients and care-recipients with a planned admittance to a nursing home within six
months after the start of the study were not included in the study.

Procedure
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Community care organisations were invited to participate by the national study centres. Eligible care-
recipients were invited by the care organisations or automatically enrolled, depending on the local ethical
regulations. Care-recipient outcome data were collected using the interRAI Home Care (HC) instrument.
Data were collected at the homes of care-recipients by trained (research) nurses, using licensed software
[19]. InterRAI-HC assessments were performed at baseline, after six, and after twelve months.

Instrument

Data on care-recipient characteristics and resource utilisation were collected with the interRAI-HC. The
interRAI-HC is a standardised and reliable comprehensive geriatric assessment instrument designed to
assist in care planning, outcome measurement, quality improvement, and resource allocation for care-
recipients who receive care at home [20–22].

Primary outcome measure

The primary outcome measure was the mean total societal costs based on resource utilisation over a six
months follow-up period. Societal costs included the utilisation of community care, physician visits, other
healthcare services, hospital admissions, supportive care services, number of days in institutionalised
care, and informal caregiver time. Resource utilisation was registered over three, seven or 90 days prior to
the assessment, depending on the type of service. The length of hospital stay in days was estimated by
multiplying the reported number of events with country-speci�c averages of length of hospital stay during
the year 2012 [23] (Table 1). For both assessments, resource utilisation was extrapolated to re�ect a
period of three months. Subsequently, units of resource utilisation were multiplied by Dutch standard
costs in order to calculate cost of resource utilisation [24] (Table 1). Costs between measurements were
linearly interpolated by multiplying costs at baseline assessment by 0.5; costs at six months after
baseline by 1.5 [25]. Total costs over the period of six months were calculated by summing the
extrapolated baseline and six-month cost estimates. This approach had good convergent validity as
compared with the Resource Utilization in Dementia Lite instrument [25, 26], and is, therefore, considered
to be valid to estimate societal costs over six months.

Predictors

Potential predictors of societal costs were derived from previous prediction and costing studies, and from
what experts assumed about the interrelationship between the characteristics of older community care-
recipients and societal costs [10–17]. Information on predictors was collected at baseline and included
sociodemographic characteristics, functional limitations, clinical conditions, and diseases/disordersof
the care-recipients. Predictors are described brie�y below and described in more detail in Appendix I.

Sociodemographic characteristics included age, gender, living alone, loneliness, and caregiver distress.
The interRAI-HC includes several functional scales, which were used to assess functional limitations,
including functional impairments, di�culty in performing instrumental activities, cognitive impairment,
presence of depressive symptoms, required level of formal and informal care support, health instability,
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and presence of pain [26–33]. Other functional limitations that were considered, included behavioural
problems and any falls. Clinical conditions included anxiety, dehydration, dizziness, major skin problems,
pressure ulcer, unintended weight loss, and urinary incontinence.

Clinically established diseases/disorders included Alzheimer’s disease, cancer, chronic obstructive
pulmonary disease, congestive heart failure, coronary artery disease, diagnosis of urinary tract infection,
dementia other than Alzheimer’s disease, depression, diabetes, hemiplegia, multiple sclerosis, Parkinson’s
disease, pneumonia, stroke (Cardio Vascular Accident), and any fracture in the past 30 days [34].
Multimorbidity was de�ned as the presence of two or more chronic diseases [35].

Sample size

All data available from this sample were used to maximise the power of the results. To ensure accurate
prediction in subsequent subjects, 2 to 20 subjects per predictor are required [36–38]. Our sample
exceeds these minimum sample size requirements and is therefore expected to provide robust estimates.

Statistical analysis

Data from Belgium were excluded from analyses as information on informal care hours was not
available (n = 525). Also, data from 224 Dutch respondents were excluded because data collection of
interRAI-HC was put on hold in one Dutch organisation due to a software switch.

Socio-demographic and clinical characteristics at baseline were described using descriptive statistics and
frequencies. Differences in baseline characteristics on country level were evaluated using Chi-square
tests and ANOVAs.A histogram and a Normal Quantile plot were used to visually check the normality of
societal costs. Log-transformation was used to account for skewness of the outcome measure.
Distributions of all potential predictors were investigated using frequencies, descriptive statistics,
boxplots and histograms. Also, normality of the distribution of regression residuals was checked [39].

Imputation of missing cost data was performed using Multivariate Imputation by Chained Equations
(MICE) [40], strati�ed for country to increase the validity of the imputation. Predictive mean matching was
used during imputation to account for the skewed distribution of costs [41]. For participants who passed
away, costs were set at zero after death. Costs of institutionalised care for participants who were
admitted between baseline and follow-up were assumed to be equal to the standard cost per admission
day in a nursing home. These events were assumed to have taken place halfway between two
assessments. Characteristics included in the multiple imputation model were baseline characteristics that
differed signi�cantly between participants and drop-outs, and baseline characteristics that were
signi�cantly associated with costs after six months. Ten imputed datasets were generated and separately
analysed. The results were pooled using Rubin’s rules [42].

Correlations between potential predictors were investigated using Pearson correlation coe�cients. In case
of collinearity (r>0.8), only the strongest associated variable was retained in the analysis [43]. Although
common, univariable linear regression analyses to preselect predictors were not performed, since
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important predictors may be rejected using this approach owing to nuances in the dataset or because
they are confounded by other predictors [44–46].

A Linear Mixed Model was developed with �xed effects for all predictors plus a random intercept for
country effects. Predictors were removed stepwise until all variables showed a statistically signi�cant
association with the outcome (p≤0.05). In case one of the dummies of a categorical predictor variable
showed no signi�cant association with the outcome, and the other(s) did, a likelihood ratio test was
performed to compare models with and without that predictor variable and to assess their �t [47]. The
model with the best �t determined whether the predictor was in- or excluded.

Model validation

An internal-external validation procedure was performed, which enables optimal use of sample size and
allows dealing with potential heterogeneity between different IBenC countries [48, 49]. Data from all
countries, but the validation country were iteratively used to develop a prediction model. This model was
then validated against the validation country sample. This process was repeated until every country had
functioned as validation country. Relevant predictors from the multivariable analyses were entered in
each development sample. Subsequently, the intercept and regression coe�cients were extracted and
combined to create a linear predictor function and used to calculate a linear predictor score for every
respondent in the validation sample. Different scenarios were created to investigate consistent model
performance when applied in another country sample that was not included during its development [48,
50].

The quality of the prediction model was expressed as the explained variance (R2). Various R2 were
calculated: R2 for each country and R2 as proposed by Snijders and Bosker [51, 52] based on the
multilevel model including all countries.

The predictive performance (i.e. the agreement between predicted costs and observed costs) was
assessed with ratios of predicted costs divided by mean observed costs (E/O-ratios) and calibration
curves. In an ideal situation, E/O-ratios are 1 and all points of the calibration curve lie on the 45-degree
slope [44]. To take clustering into account, the predictive performance in individual countries (within-
cluster performance) was assessed [53]. Predicted and observed costs were back transferred using the
exponential function. To calculate the calibration plot, groups of deciles were created based on predicted
costs. Subsequently, mean predicted and observed costs were calculated for each group and plotted in a
single �gure [54]. The calibration curve was estimated as best-�t straight line through the calibration plot
points.

Model optimisation

A �nal validation step was model optimisation. For countries in which model performance was low, the
following options were considered to improve the model: updating the intercept or removal of predictors
with predictive importance that have heterogeneous effects across countries [48].
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The intercept was re-estimated using an offset procedure via Generalized Linear Models with an identity
link. First, the linear predictor scores were re-calculated without the intercept. Second, the intercept was
estimated by adding the linear predictor (as offset) as only variable in the model in the validation sample.

To provide insight into heterogeneous predictor effects across countries, regression coe�cients from
relevant predictor variables were estimated by country by linear regression analyses and plotted in a
single �gure. Higher between-county variability in regression coe�cients indicate more heterogeneity for
that predictor [50].

Results
Study sample

A total of 2135 participants from the original IBenC sample (n = 2884) were included in the analyses.
Excluded respondents were statistically signi�cantly older than the included respondents.

Between the baseline and six-month follow up assessments 94 participants were admitted to a care
facility, 78 deceased, 16 were discharged from home care, and 53 participants were lost to follow-up due
to lack of interest or time (n = 16), or without reason (n = 37)).

Two-thirds of the participants in the study sample were female and the mean age was 83.0 years.
Signi�cant differences (p < 0.001) were found between countries in all baseline characteristics (Table 2).

Societal costs

Six-month societal costs per participant were on average €18,467 (SE = 332). The highest societal costs
were found in Italy (€26,980 (SE = 644) per participant per six months), followed by the Netherlands
(€19,353 (SE = 1,202), Germany (€17,402 (SE = 649) and Finland (€14,245 (SE = 587), and the lowest
societal costs were found in Iceland (€13,622 (SE = 623) per participant per six months).

Multivariable analyses

The multivariable analyses showed that living alone, caregiver distress, ADL and iADL impairment,
required level of care support, health instability, presence of pain, behavioural problems, urinary
incontinence, and multimorbidity statistically signi�cantly predicted six-months societal costs (Table 3).

Model validation

The total variance in six-month societal costs explained by the �nal model was 32%. For individual
countries, the explained variance ranged from 19% for Italy, 25% for the Netherlands, 34% for Finland,
34% for Iceland to 36% for Germany.

Figure 1 shows the predicted and observed societal costs for the different countries. Visual inspection of
these calibration plots indicates that the model performed well for Iceland, Finland, and Germany, but



Page 8/24

poorly for The Netherlands and Italy. Overall, E/O-ratios (Figure 1) were smaller than 1 in all validation
countries. Figure 2 provides an overview of between-country variability in regression coe�cients between
countries. The predictors ADL and multimorbidity showed substantial between-country variability.

Model optimisation

For the Netherlands, estimated costs were much lower than observed costs (E/O = 0.51). Also, mean
estimated costs for the different groups of deciles in the calibration plot were clustered around €15,000
(Figure 1). Predictor effects for the Netherlands deviated from the other countries for the predictors living
alone, presence of pain, multimorbidity (stronger effects) (Figure 2). Model performance was improved by
updating its intercept from 8.55 to 8.90 (Figure 3), resulting in an E/O-ratio of 0.72.

The calibration plot for Italy showed that costs were underestimated for people with relatively low
observed societal costs and overestimated for people with relatively high observed societal costs. This
led to a reasonably well E/O-ratio. However, considering the low explained variance and the poor
calibration, we updated the model by removing predictors with overall the highest heterogeneity (ADL and
multimorbidity). The updated model performed better as shown by the calibration plot (Figure 3),
although the E/O-ratio deteriorated (0.69). The explained variance of the updated model was 19%.

Discussion
In this study, predictors of six-month societal costs in a sample of older community care-recipients from
�ve European countries included living alone, caregiver distress, ADL and iADL impairment, required level
of formal and informal care support, health instability, presence of pain, behavioural problems, urinary
incontinence, and multimorbidity. The �nal model performed satisfactory for Iceland, Finland and
Germany, and su�ciently for the Netherlands and Italy after optimisation. For the latter two countries,
optimal model performance was achieved by increasing the intercept (the Netherlands) and by removing
predictors with high heterogeneity (Italy).

The initial model underestimated costs for the Netherlands. Dutch care-recipients received relatively more
care compared to the other countries. Noteworthy, the average level of impairment in the Dutch sample
was relatively low while having the highest societal costs after Italy. Across all country samples, the
Italian sample experienced on average the highest functional impairments. In Italy disabled people tend
to live in the community longer than in other countries, which may be the result of cultural factors and of
policy. Also, older adults in Italy were highly supported by informal care and they used relatively little
professional home care compared with older adults in the other countries under study [55]. Such factors
were not included in this study, which might be an explanation for the poor initial model performance in
Italy. Future studies could investigate whether adding cultural factors can further improve the prediction
model.

We found rather heterogeneous effects in relationship of ADL impairment and societal costs. Resource
allocation in home care differs across countries. Although assessment of ADL and IADL impairment were
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key aspects for determining eligibility to receive home nursing care in all countries, in some countries, the
availability of informal caregivers is also taken into account [55]. Consequently, individuals with the same
level of need do not necessarily receive the same level and mix of care services across countries [55].
This may explain the heterogeneity to some extent.

The predictors caregiver distress, ADL and IADL impairment, health instability, presence of pain,
behavioural problems, and urinary incontinence may be modi�able to a certain degree and could be
targeted in interventions to prevent high societal costs. ADL and IADL impairment are frequently identi�ed
as being key predictors of societal costs across (multi)national samples, our results con�rm this [11, 13,
15–17, 56]. Interventions could, for example, aim to enhance self‐e�cacy and adaptive coping [57].
Health instability was included as a risk score for negative outcomes such as mortality, hospitalisation,
pain, caregiver distress, and poor self-rated health which are in turn related to resource utilisation and
costs. Health instability relates to identi�es conditions that require rapid action to prevent further
deterioration and is therefore well suited to �ag interventions [32]. Presence of pain, caregiver distress,
behavioural problems, and urinary incontinencewere also associated with higher societal costs in other
studies [13, 58, 59]. Also for these conditions, appropriate (psychosocial) interventions may reduce
resource utilisation and costs [60, 61].

The other, non-modi�able predictors found in this study may be used by policymakers for optimal
resource allocation. Living alone signi�cantly predicted lower six-month societal costs; required level of
care support and multimorbidity were associated with higher six-month societal costs, which is in line
with previous research [13, 16, 58, 59, 62]. In our sample, participants who lived alone experienced less
cognitive and functional impairments than participants who lived together (data not shown). This might
explain the association between living alone and lower six-month societal costs to some extent. The
measure for required level of care support was developed by the interRAI-group based on the case-mix
classi�cation system “Resource Utilization Groups III Home Care” [31, 63] and was shown to explain
33.7% of the variance in resource use in the home care setting [31]. Our �ndings con�rm that the required
level of care support is also a predictor of societal costs.

Most previously conducted studies focused on community-dwelling older adults with dementia, a
subgroup from our sample. Our study adds to these �ndings by con�rming that these factors are also
predictive of societal costs in older community care-recipients and are not country-speci�c.

Only one earlier study on predictors of societal costs reported information on model performance [16]. In
that study, a pooled R2 of 37% for dementia care costs was found based on the predictors ADL
impairment, multimorbidity and falls, which is slightly higher than the R2 found in the present study
(32%). However, no model validation was performed in that study, leaving its predictive performance
uncertain.

Strengths and Limitations



Page 10/24

Strengths of this study are the large multinational sample, and the use of random effects to account for
heterogeneity across countries. Further, the approach of this study was similar to an individual participant
data (IPD) meta-analysis, since the various countries in our dataset were treated as individual samples
[48, 64]. Prediction models based on IPD meta-analysis may be more generalizable than prediction
models based upon single samples since the inclusion of multiple study samples addresses a wider
range of study populations and increases the variation in the characteristics of the included participants
[50]. An advantage of our study over an IPD meta-analysis is that all data were collected at the same time
in a population with similar inclusion and exclusion criteria. IPD meta-analysis also allows researchers to
synthesize country-data to develop and validate a single prediction model. Another strength of the study
is the internal-external validation procedure. This approach allows for optimal use of sample size and
enabled us to deal with heterogeneity [48, 49]. Maximizing sample size leads to more robust predictions
compared to the more traditional approach of randomly splitting the sample for development and
validation [48]. We evaluated whether the prediction models had good prognostic performance in
individual countries and updated the country-speci�c models if necessary. Further, all data (care-recipient
characteristics and resource utilisation) could be collected by a single instrument that is widely
implemented in routine care practice. Finally, costs were estimated from a societal perspective, including
costs of health care, social care and informal care, thereby providing a comprehensive view of the total
costs for society.

For the cost calculation, some assumptions were made, which can be considered a potential limitation of
the study. In case of admission to a long term care institution or death, we assumed that it took place
halfway between two measurements, which is common practice in health economic models [63]. Another
potential limitation is that Dutch standard costs were used to value resource utilisation for all countries
under study. By using this approach, cost estimates of the various countries do not re�ect “actual” care
costs per country. An advantage of this approach is that it enables a relative benchmark of resource
utilisation across countries, eliminating differences caused by factors related to national contexts rather
than resource utilisation, like wages. Further, 8% of the total societal cost estimates were missing, which
is a limitation of the study. To minimize the impact of bias due to selective dropout, multiple imputation
was used, which is currently the recommended approach to account for missingness [66]. Another
limitation is that costs of daycare utilisation are not recorded with the interRAI-HC and therefore not taken
into account in this study. Costs of daycare may be substantial amongst this group. Further, participants
from Belgium were excluded from the analyses because information on informal care hours was not
available. Belgian participants were on average older than the included sample. However, we expect that
the effect on the results is limited since age was not a relevant predictor. Finally, for some countries, the
study samples are not necessarily representative of the national community care population, as the
general aim of IBenC required a diverse sample of care organisations [18]. However, dependency levels in
our samples closely re�ect previously reported dependency levels among home healthcare-recipients [67].
Therefore, we expect that the developed model will perform satisfactorily in future samples. The
representativeness of the IBenC study sample is described in more detail elsewhere [18].

Implications
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Our prediction model may support policymakers across Europe to better understand the drivers of
societal costs for older adults receiving community care services. Potentially modi�able predictors may
be targeted in interventions aimed at reducing costs. In addition, it may be used to optimise resource
allocations for the countries under study. Despite substantial differences of countries’ care systems, a
validated cross-national set of key predictors could be identi�ed. Especially for Finland, Iceland and
Germany, the prediction model performed well.

Conclusion
In this study, we derived and validated a model to predict societal costs in a sample of older community
care-recipients in �ve European countries. This model comprised the potentially modi�able predictors
caregiver distress, ADL and IADL impairment, health instability, presence of pain, behavioural problems,
and urinary incontinence. These may be targeted by interventions aiming to reduce costs. In addition,
non-modi�able predictors were identi�ed, including living alone, required level of care support, and
multimorbidity. The model may be used by policymakers to optimise resource allocation.
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Table 1. Overview of used unit cost (in € 2015) and average length of stay (days)
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Care service Costs [24] Recall period Extrapolation
Community care      
Home health aide (per hour) €50 7 days *13
Home nursing (per hour) €73 7 days *13
Physician visits      
General practitioner visit / Outpatient clinic visit (per visit) €92 90 days *1
Other healthcare services      
Physical therapy (per session) €33 7 days *13
Occupational therapy (per session) €34 7 days *13
Social worker (per session) €64 7 days *13
Hospital admissions      
Hospital admission with overnight stay (per day with overnight stay) €479 90 days *1
Average length of hospital stay [23]      
  Finland 11.0 days NA  
  Germany 9.2 days NA  
  Iceland 5.8 days NA  
  Italy 7.7 days NA  
  Netherlands 5.2 days NA  
Emergency room visit without overnight stay (per visit) €261 90 days *1
Supportive care services      
Home making services (per hour) €23 7 days *13
Meals on wheels (per day) €7.50 7 days *13
Institutionalized care      
Nursing home (per day) €168 NA  
Informal care      
Informal care (per hour) €14.08 3 days /3*90

 NA = not applicable
 

Table 2. Characteristics of the study population per country and of the total sample.
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Variables Total
(n=2135)

Italy  
(n=499)

The
Netherlands

(n=267)

Iceland  
(n=420)

Finland
(n=456)

Germany
(n=493)

chi2 /
F

P
value

Socio-demographics                
Country of residence, n (%) Italy 499

(23%) 
Netherlands

267 (13%) 
Iceland 420

(20%) 
Finland 456

(21%) 
Germany 493

(23%)

             

Mean age (SD) 83 (7.5) 81.8
(7.9)

82 (7.5) 83.7 (7) 82.9 (7) 84.2
(7.6)

8.3 <
0.001

Female, n (%) 1434 (67%) 286
(57%)

192 (72%) 292
(70%)

313
(69%)

351
(71%)

29.8 <
0.001

Living alone, n (%) 1259 (59%) 82
(16%)

193 (72%) 256
(61%)

369
(81%)

359
(73%)

523.3 <
0.001

Loneliness, n (%) 484 (23%) 43 (9%) 98 (37%) 85
(20%)

120
(26%)

138
(28%)

94.6 <
0.001

Caregiver distress, n (%) 278 (15%) 76
(15%)

22 (8%) 134
(32%)

22 (6%) 24 (8%) 141.3 <
0.001

Functional limitations                
Mild impairment (ADLH < 2),
n (%)
Limited to extensive
impairment (ADLH 2-4), n (%)
Dependent in ADLs (ADLH ≥
5), n (%)

1141 (53%)
702 (33%)
292 (14%)

54
(11%)

237
(47%)

208
(42%)

221 (83%)
38 (14%)

8 (3%)

341
(81%)

77
(18%)

2 (1%)

359
(79%)

85
(19%)

12 (3%)

166
(34%)

265
(54%)

62 (13%)

947,9 <
0.001

Mean iADLCH score (SD) 3.9 (1.8) 5.1 (1.4) 2.7 (1.7) 3.5 (1.5) 3.9 (1.5) 3.8 (2.1) 103.1 <
0.001

Cognitive impairment (CPS ≥
3), n (%)

407 (19%) 179
(37%)

4 (1%) 40
(10%)

49
(11%)

135
(27%)

221,1 <
0.001

Depressive symptoms (DRS ≥
3), n (%)

303 (14%) 73
(15%)

54 (20%) 47
(11%)

37 (8%) 92 (19%) 33.1 <
0.001

Mean Case Mix Index,
informal care (SD)

1.1 (0.7) 1.8 (0.7) 0.7 (0.4) 0.7 (0.5) 0.8 (0.5) 1.2 (0.7) 259.8 <
0.001

Mean CHESS score (health
instability) (SD)

1.1 (1.1) 1.6 (1.3) 1.0 (1.0) 1.2 (1.0) 0.7 (0.9) 0.6 (0.9) 78.6 <
0.001

Presence of pain (Pain Scale
> 0), n (%)

1085 (51%) 217
(43%)

126 (47%) 252
(60%)

277
(61%)

213
(43%)

55.9 <
0.001

Behavioural problems, n (%) 344 (16%) 65
(13%)

31 (12%) 42
(10%)

73
(16%)

133
(27%)

62.2 <
0.001

Any falls, n (%) 472 (22%) 156
(31%)

72 (27%) 80
(19%)

98
(21%)

66 (13%) 52.1 <
0.001

Clinical conditions                
Anxiety, n (%) 198 (9%) 51

(10%)
7 (3%) 120

(29%)
14 (3%) 6 (1%) 258.7 <

0.001
Dehydrated, n (%) 69 (3%) 26 (5%) 15 (6%) 6 (1%) 6 (1%) 16 (3%) 20.8 <

0.001
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Dizziness, n (%) 860 (40%) 230
(46%)

111 (42%) 197
(47%)

178
(39%)

144
(29%)

40.3 <
0.001

Major skin problems or skin
tears or cuts, n (%)

159 (7%) 76
(15%)

16 (6%) 12 (3%) 24 (5%) 31 (6%) 61.6 <
0.001

Any stasis ulcer, n (%) 196 (9%) 153
(31%)

5 (2%) 10 (2%) 10 (2%) 18 (4%) 361.3 <
0.001

Unintended weight loss, n (%) 196 (9%) 107
(21%)

28 (10%) 16 (4%) 7 (2%) 38 (8%) 138.3 <
0.001

Urinary incontinence, n (%) 1063 (50%) 326
(66%)

124 (47%) 182
(43%)

181
(40%)

250
(51%)

76.2 <
0.001

Diseases/disorders                
Alzheimer’s Disease, n (%) 260 (12%) 37 (7%) 9 (3%) 36 (9%) 143

(31%)
35 (7%) 203.3 <

0.001
Dementia other than
Alzheimer, n (%)

346 (16%) 93
(19%)

7 (3%) 53
(13%)

46
(10%)

147
(30%)

123.5 <
0.001

Cancer, n (%) 273 (13%) 81
(16%)

48 (18%) 48
(11%)

42 (9%) 54 (11%) 19.0 <
0.001

COPD, n (%) 234 (11%) 73
(15%)

48 (18%) 64
(15%)

24 (5%) 25 (5%) 60.6 <
0.001

Congestive heart failure, n
(%)

486 (23%) 103
(21%)

75 (28%) 128
(30%)

101
(22%)

79 (16%) 32.2 <
0.001

Coronary artery disease, n
(%)

557 (26%) 128
(26%)

41 (15%) 168
(40%)

147
(32%)

73 (15%) 98.8 <
0.001

Diagnosis of urinary tract
infection, n (%)

170 (8%) 53
(11%)

40 (15%) 36 (9%) 32 (7%) 9 (2%) 48.9 <
0.001

Depression, n (%) 286 (13%) 52
(10%)

29 (11%) 100
(24%)

36 (8%) 69 (14%) 56.6 <
0.001

Diabetes, n (%) 561 (26%) 129
(26%)

74 (28%) 61
(15%)

142
(31%)

155
(32%)

43.1 <
0.001

Hemiplegia, n (%) 111 (5%) 48
(10%)

7 (3%) 7 (2%) 20 (4%) 29 (6%) 35.1 <
0.001

Multiple sclerosis, n (%) 17 (1%) 6 (1%) 7 (3%) 3 (1%) 0 (0%) 1 (0%) 18.2 <
0.001

Parkinson’s disease, n (%) 150 (7%) 56
(11%)

18 (7%) 23 (5%) 22 (5%) 31 (6%) 18.8 <
0.001

Pneumonia, n (%) 85 (4%) 25 (5%) 22 (8%) 24 (6%) 7 (2%) 7 (1%) 32.8 <
0.001

Stroke (CVA), n (%) 271 (13%) 65
(13%)

45 (17%) 41
(10%)

55
(12%)

65 (13%) 7.8 <
0.001

Any fracture during last 30
days, n (%)

87 (4%) 46 (9%) 10 (4%) 9 (2%) 11 (2%) 11 (2%) 45.4 <
0.001

Multimorbidity (presence of
two or more disease
diagnosis), n (%)

1202 (56%) 293
(59%)

139 (52%) 278
(66%)

256
(56%)

236
(48%)

34.1 <
0.001

P-value < 0.05 indicates statistically signi�cant differences between participants between countries. ADLH = Activities of Daily Living
Hierarchy Scale; iADLCH = Instrumental ADL Capacity Hierarchy Scale; CHESS = Changes in Health, End-Stage Disease, Signs, and
Symptoms Scale; COPD = Chronic obstructive pulmonary disease; CPS = Cognitive Performance Scale; DRS = Depression Rating Scale;
SD = standard deviation; chi2 / F = test statistics Chi-square tests and ANOVAs.
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Table 3. Results of the Linear Mixed Model analyses with fixed effects for the predictors plus a random intercept
for the effects of country.

Predictor β (95% CI) P-value
Living alone (item 0-1) -0.18 (-0.26;

-0.11)
<

0.001
Caregiver distress (item 0-1) 0.15 (0.05;

0.25)
<

0.001
ADLH (limited to extensive ADL assistance (ADLH score 2-4) versus ADL independent (ADLH
score 0-1))

0.21 (0.11; 0.3) <
0.001

ADLH (ADL dependent (ADLH score 5-6) versus ADL independent (ADLH score 0-1)) 0.28 (0.13;
0.43)

<
0.001

iADL (IADLCH, scale 0-6) 0.12 (0.09;
0.14)

<
0.001

Required level of care support (CMI informal care, 0.23 - 8.97) 0.19 (0.12;
0.27)

<
0.001

Health instability (CHESS, scale 0-6) 0.05 (0.02;
0.08)

<
0.001

Presence of pain (Pain Scale, item 0-1) 0.08 (0.02;
0.15)

0.01

Behavioural problems (item 0-1) 0.11 (0.02; 0.2) 0.01
Urinary incontinence  (item 0-1) 0.1 (0.03; 0.17) 0.01
Multimorbidity (item 0-1) 0.09 (0.02;

0.15)
0.01

Intercept 8.61 (8.43;
8.79)

<
0.001

Random-effects Parameters

Random intercept for country          Estimate (SE)
sd(Intercept) 0.1472 (0.0512)
sd(Residual) 0.7052 (0.012)

Predictors that a showed statistically significant association with the outcome are included (cut-off point p = 0.05). β =

regression coefficient; SE = Standard Error; sd = standard deviation; ADL = Activities of Daily Living; CHESS =

Changes in Health, End-Stage Disease, Signs, and Symptoms Scale; iADL = Instrumental ADL; IADLCH = Instrumental

ADL Capacity Hierarchy Scale

Figures
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Figure 1

Graphical representation of predicted and observed societal costs E/O = ratio of predicted and observed
costs. Solid line indicates the 45 degree line. Dotted line is the calibration curve (best �t of datapoints).
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Figure 2

Heterogeneity among predictors included in the �nal multivariable model. Predictors are ordered based on
their variability between countries (low to high).

Figure 3

Model optimisation for the Netherlands and Italy. Solid line indicates the 45 degree line. Dotted line is the
calibration curve (best �t of datapoints)
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