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A B S T R A C T   

Background: Developed countries are facing challenges in caring for people who are living longer but with a 
greater morbidity burden. Such people are likely to be regular users of healthcare. 
Objectives: Our analytical aim is to identify factors that explain healthcare costs among: (1) people over 55 years 
old; (2) the top 5% and 1% high-cost users among this population; (3) those that transition into the top 5% and 
1% from one year to the next; (4) those that appear in the top 5% and 1% over multiple years; and (5) those that 
remain in the top 5% and 1% over consecutive years. 
Methods: The data covered 2011 to 2017 and comprised 1,485,170 observations for a random sample of 224,249 
people aged over 55 years in the Catalan region of Spain. We analysed each person’s annual healthcare costs 
across all public healthcare settings related to their age, gender, socio-economic status (SES), whether or not and 
when they died, and morbidity status, through Adjusted Morbidity Groups. 
Results: After controlling for morbidity status, the oldest people did not have the highest costs and were less likely 
to be among the most costly patients. There was also only a modest impact on costs associated with SES and with 
dying. Healthcare costs were substantially higher for those with a neoplasm or four or more long term conditions 
(LTCs), costs rising with the complexity of their conditions. These morbidity indicators were also the most 
important factors associated with being and remaining in the top 5% or top 1% of costs. 
Conclusion: Our results suggest that age and proximity to death are poor predictors of higher costs. Rather, 
healthcare costs are explained mainly by morbidity status, particularly whether someone has neoplasms or 
multiple LTCs. Morbidity measures should be included in future studies of healthcare costs.   

1. Introduction 

As populations get older, the burden of morbidity increases. This 
underpins a growing problem that all developed countries are trying to 
grapple with: how to care for an increasing proportion of people who are 
living longer but in declining health. Research in this area has been 
compromised by a lack of data about the morbidity burden of each in
dividual member of the population (Werblow et al., 2008; Bilger and 
Chaze, 2008; Geue et al., 2014). This information deficit originally led 
researchers to consider other individual characteristics that might 
explain their healthcare costs. Early studies highlighted the positive 

association between age and costs, as critiqued by de Meijer et al. (de 
Meijer et al., 2013), but subsequent studies argued that costs in most 
healthcare settings (other than primary care (Atella and Conti, 2014)) 
are explained better by how close someone is to dying (their “proximity 
to death”) rather than their age (Zweifel et al., 1999; Alemayehu and 
Warner, 2004; Murphy and Martikainen, 2013; Geue et al., 2014). 
However, this argument meant that researchers had to address the dif
ficulty of dealing with the endogenous relationship between costs and 
proximity to death (spending increases as people are close to dying but 
increased spending postpones their death) (Salas and Raftery, 2001; 
Felder et al., 2010). The insight also served little practical purpose as, for 
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most people, the timing of death cannot be accurately foretold 
(Colombier and Weber, 2011; Hazra et al., 2018; Howdon and Rice, 
2018). 

More recent studies have attempted to account for morbidity status 
in explaining healthcare costs. This has been a challenge because there is 
no standard way to measure morbidity, empirical practice dependent on 
data availability which varies geographically and by healthcare setting 
and dataset (Lehnert et al., 2011; Soley-Bori et al., 2021). Studies have 
used markers for causes of death (Polder et al., 2006; de Meijer et al., 
2011; Luta et al., 2020), particular conditions (Seshamani and Gray, 
2004; Violán et al., 2014), impairments and disability (Dormont et al., 
2006; Hazra et al., 2018), chronic disease groups (Moore et al., 2017), 
Clinical Risk Groups (Carreras et al., 2018), Diagnosis and Drug 
Morbidity Groups (Longden et al., 2018) and Clinical Classification 
Software groups (Howdon and Rice, 2018). In studies that have included 
information about an individual’s age, whether and when they died, and 
morbidity status, the latter proves the key determinant of costs, not age 
or proximity to death (de Meijer et al., 2011; Colombier and Weber, 
2011; Howdon and Rice, 2018; Hazra et al., 2018; Carreras et al., 2018). 
We contribute to this literature by using Adjusted Morbidity Groups 
(AMGs) which are used in many regions of Spain to measure the form 
and complexity of the morbidity burden for each member of the popu
lation (Monterde et al., 2016; Caballer-Tarazona et al., 2019). 

AMGs have three attractive features. First, they are built on the 
World Health Organisation’s International Classification of Diseases 
(ICD) (WHO, 2019). This means that AMGs can be constructed in any 
context where ICD codes are used to code encounters with the health 
system. Second, there are only 36 AMGs, thus satisfying the call for 
simpler rather than overly complex systems to describe morbidity 
(Brilleman et al., 2014). Third, and most importantly, AMGs have sub
stantial ability to explain variation among patients in their annual costs, 
as will be demonstrated by the analyses that follow. 

We also contribute to a second strand of literature focusing on people 
with high needs and high costs (HNHC). These studies recognise that a 
relatively small proportion of people account for a large portion of 
health care costs. For example, in the US, the top 5% and top 1% of users 
account, respectively, for 50% and 22% of total health expenditure 
(Blumenthal et al., 2016). In a systematic review, Wammes et al. (2018) 
looking at the US, Canada, Germany, the Netherlands, Denmark and 
Taiwan found that the top 1% of users account for 23% of total health 
expenditure (ranging from 14% to 33%). In Catalunya, Vela et al. (2017) 

also show that the top 1% of users account for 23% of total health 
expenditure. 

If it can be predicted who might join the HNHC group, interventions 
such as care coordination or case management might be developed to 
reduce avoidable costs and to ensure that services are available to meet 
their needs (Ronksley et al., 2015; Figueroa et al., 2021). A handful of 
studies have examined transitions into or persistence among the HNHC 
group, using panels of data spanning from two to five years (Anderson 
and Knickman, 1984; Monheit, 2003; Ronksley et al., 2015; Longden 
et al., 2018; Hwang et al., 2015). However, this literature has limita
tions. The paper by Ronksley et al. (2015) examined inpatient costs only 
for those admitted to a single hospital; Anderson and Knickman (1984)) 
and Longden et al. (2018) dropped from analysis those who died during 
the period (Longden et al. (2018) also dropped those with zero costs), 
limiting generalisability; and, with the exceptions of Monheit (2003) 
and Wammes et al. (2019), only summary statistics associated with 
transition or persistence are reported rather than multiple regression 
results, even if such analyses had been conducted (Hwang et al., 2015; 
Longden et al., 2018). 

Building on these foundations, we analysed a panel of data covering 
seven years and annual costs associated with utilisation across all 
healthcare settings by older people. The aims were to assess the influ
ence of individual characteristics in explaining annual healthcare costs 
among: (1) people over 55 years old; (2) the top 5% and 1% high-cost 
users among this older population; (3) those that transition into the 
top 5% and 1% from one year to the next; (4) those that appear in the top 
5% and 1% frequently over multiple years; and (5) those that remain 
persistently in the top 5% and 1% over consecutive years. In the next 
sections we describe the data and our analytical approach, before 
summarising the results and drawing conclusions. 

2. Methods 

To analyse each individual’s annual healthcare costs, we specified 
the following equation: 

yit = α +
∑M

m=1
βmXit +

∑J

j=1
γjAMGit + δr + λt + εit (1)  

where yit = {cit,yit
B, yit

T} is a set of different measures of cost for individual 
i in year t. The first, cit, measures total annual costs across healthcare 
settings and is estimated as a generalised linear model (GLM), given that 
costs are highly skewed. The second, yit

B, is a binary variable with yit
B = 1 

if the individual is among the top 5% (or 1%) in year t, and yit
B =

0 otherwise, estimated using a logit model. A logit model is also used to 
assess factors associated with the transition into the top 5% (or 1%), yit

T. 
Here, yT

it = 1 if yB
it0 = 0 and yB

it1 = 1 where t0 and t1 are consecutive years; 
yit

T = 0 otherwise. 
X is a vector of variables capturing the individual’s gender, age group 

in five year age bands, socio-economic status (SES), and year and month 
of death for those who died. AMG is a vector of dummy variables 
comprising 31 mutually exclusive AMGs to which each individual is 
allocated each year. We estimate equation (1) with and without the 
AMG vector to demonstrate the impact their inclusion has on the esti
mated effects of the X variables (only the results for cit appear in the 
main paper, with the reduced form appearing in Appendix for yit

B and yit
T). 

δr is a set of seven health region dummies, λt is a set of year dummies (the 
first year in the series is omitted when estimating yit

T), and εit is a classical 

Fig. 1. Full sample to Analytical Sample.  
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Table 1 
Descriptive statistics: outcomes and covariates, 2011–2017.   

Analytical sample 
N = 1,485,170 

Top 5% 
N = 74,261 

Top 1% 
N = 14,854 

Mean/Prop Std Mean/Prop Std Mean/Prop Std 

Annual cost (€) 1,936 4,359 15,867 11,507 32,562 16,543 
Transition to top 5% cost 2.7% 16.1%     
Transition to top 1% cost 0.6% 7.6%     
Male 44.7% 49.7% 51.7% 49.9% 58.2% 49.3% 
Female 55.3% 49.7% 48.3% 49.9% 41.8% 49.3% 
Age - 55-64 22.4% 41.7% 11.7% 32.1% 12.7% 33.3% 
Age - 65-74 36.4% 48.1% 27.7% 44.7% 31.5% 46.5% 
Age - 75-84 25.9% 43.8% 35.3% 47.8% 35.6% 47.9% 
Age - 85-94 14.7% 35.4% 24.7% 43.1% 19.7% 39.8% 
Age≥95 0.6% 7.7% 0.7% 8.5% 0.4% 6.6% 
SES <18,000 60.9% 48.8% 72.8% 44.5% 71.6% 45.1% 
SES 18,000–100,000 34.5% 47.5% 21.9% 41.4% 22.9% 42.0% 
SES >100,000 1.2% 11.0% 0.5% 7.0% 0.7% 8.2% 
SES exempt 3.4% 18.2% 4.7% 21.2% 4.8% 21.4% 
Alive 98.3% 12.8% 89.1% 31.1% 86.4% 34.3% 
Died 1.7% 12.8% 10.9% 31.1% 13.6% 34.3% 
Died in January 0.2% 4.0% 0.1% 3.6% 0.1% 3.6% 
Died in February 0.2% 3.9% 0.3% 0.6% 0.1% 3.8% 
Died in March 0.2% 4.0% 0.6% 0.8% 0.3% 5.7% 
Died in April 0.1% 3.6% 0.7% 0.9% 0.4% 6.4% 
Died in May 0.1% 3.6% 0.9% 0.9% 0.7% 8.3% 
Died in June 0.1% 3.3% 0.9% 9.3% 0.9% 9.5% 
Died in July 0.1% 3.5% 1.0% 9.8% 1.1% 10.5% 
Died in August 0.1% 3.5% 1.0% 10.0% 1.3% 11.4% 
Died in September 0.1% 3.5% 1.0% 10.3% 1.8% 13.1% 
Died in October 0.1% 3.7% 1.3% 11.2% 2.0% 14.1% 
Died in November 0.1% 3.8% 1.4% 11.9% 2.2% 14.8% 
Died in December 0.2% 4.0% 1.6% 12.6% 2.5% 15.7% 
Healthy 9.5% 29.3% 0.2% 3.9% 0.1% 3.5% 
Acute disease c1 0.8% 9.0% 0.0% 1.5% 0.0% 1.6% 
Acute disease c2 0.6% 7.6% 0.0% 1.3% 0.0% 1.4% 
Acute disease c3 0.3% 5.5% 0.0% 0.9% 0.0% 1.4% 
Acute disease c4 0.2% 4.2% 0.0% 1.1% 0.0% 1.2% 
Acute disease c5 0.1% 3.2% 0.0% 1.6% 0.0% 1.4% 
Neoplasm c1 2.4% 15.3% 2.4% 15.3% 2.6% 15.8% 
Neoplasm c2 2.0% 14.2% 5.7% 23.3% 6.6% 24.9% 
Neoplasm c3 1.2% 11.0% 7.1% 25.7% 8.5% 27.8% 
Neoplasm c4 0.9% 9.5% 8.3% 27.6% 11.1% 31.4% 
Neoplasm c5 0.7% 8.3% 9.8% 29.8% 16.6% 37.2% 
1 LTC c1 2.3% 15.1% 0.1% 3.1% 0.1% 2.6% 
1 LTC c2 4.8% 21.3% 0.1% 3.3% 0.1% 3.8% 
1 LTC c3 2.1% 14.4% 0.2% 4.3% 0.2% 3.9% 
1 LTC c4 1.6% 12.7% 0.4% 6.0% 0.2% 4.2% 
1 LTC c5 0.9% 9.6% 0.4% 6.1% 0.2% 4.8% 
2-3 LTC c1 5.3% 22.4% 0.2% 5.0% 0.2% 5.0% 
2-3 LTC c2 9.3% 29.1% 0.9% 9.3% 0.4% 6.5% 
2-3 LTC c3 6.4% 24.5% 1.3% 11.4% 0.6% 7.8% 
2-3 LTC c4 5.3% 22.3% 1.7% 13.0% 0.9% 9.2% 
2-3 LTC c5 3.4% 18.2% 3.8% 19.1% 2.7% 16.3% 
4+ LTC c1 9.6% 29.5% 2.2% 14.6% 0.9% 9.3% 
4+ LTC c2 14.0% 34.7% 7.4% 26.2% 3.9% 19.5% 
4+ LTC c3 7.0% 25.4% 7.7% 26.6% 4.7% 21.1% 
4+ LTC c4 5.9% 23.5% 14.1% 34.8% 10.2% 30.3% 
4+ LTC c5 3.3% 17.8% 25.9% 43.8% 29.1% 45.4% 

Notes: SES: Socioeconomic status; c1-c5: complexity levels; LTC: Long Term Condition. 
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Table 2 
Descriptive statistics (patients): outcomes and covariates, 2011–2017.   

Analytical sample 
N = 224,249 

Top 5% 
N = 43,372 

Top 1% 
N = 10,195 

Mean/Prop Top 1% Mean/Prop Top 1% Mean/Prop Top 1% 

Number of years in Top 5% 0.33 0.87 1.71 1.24 2.45 1.64 
Number of consecutive years in Top 5% 0.29 0.78 1.52 1.12 2.18 1.57 
Number of years in Top 1% 0.07 0.38 0.34 0.80 1.46 1.06 
Number of consecutive years in Top 1% 0.06 0.36 0.32 0.76 1.38 0.99 
Male 45.0% 49.7% 50.3% 49.9% 58.5% 49.3% 
Female 55.0% 49.7% 49.7% 49.9% 41.5% 49.3% 
Age - 55-64 21.7% 41.2% 10.8% 31.0% 12.6% 33.2% 
Age - 65-74 35.5% 47.9% 26.8% 44.3% 30.7% 46.1% 
Age - 75-84 26.0% 43.9% 34.9% 47.7% 35.3% 47.8% 
Age - 85-94 15.9% 36.6% 26.6% 44.2% 20.9% 40.7% 
Age≥95 0.8% 9.1% 0.9% 9.6% 0.6% 7.5% 
SES <18,000 61.9% 48.6% 73.0% 44.4% 71.9% 44.9% 
SES 18,000–100,000 33.5% 47.2% 22.2% 41.6% 22.9% 42.0% 
SES >100,000 1.2% 10.8% 0.4% 6.6% 0.6% 7.5% 
SES exempt 3.5% 18.3% 4.3% 20.2% 4.6% 21.0% 
Alive for full period 89.0% 31.3% 69.2% 46.2% 57.1% 49.5% 
Died 2011 1.1% 10.5% 2.2% 14.6% 2.7% 16.2% 
Died 2012 1.5% 12.0% 3.9% 19.2% 5.6% 22.9% 
Died 2013 1.5% 12.1% 4.3% 20.3% 5.7% 23.3% 
Died 2014 1.5% 12.3% 4.5% 20.8% 6.8% 25.2% 
Died 2015 1.7% 12.9% 5.0% 21.8% 6.9% 25.4% 
Died 2016 1.8% 13.4% 5.4% 22.5% 7.1% 25.8% 
Died 2017 1.9% 13.6% 5.6% 23.0% 8.0% 27.1% 
Healthy 5.0% 21.7% 0.0% 1.6% 0.0% 1.7% 
Acute disease c1 0.3% 5.8% 0.0% 0.5% 0.0% 0.0% 
Acute disease c2 0.3% 5.6% 0.0% 0.5% 0.0% 0.0% 
Acute disease c3 0.2% 4.4% 0.0% 0.7% 0.0% 0.0% 
Acute disease c4 0.1% 3.7% 0.0% 0.7% 0.0% 0.0% 
Acute disease c5 0.1% 2.7% 0.0% 0.8% 0.0% 0.0% 
Neoplasm c1 1.6% 12.6% 1.3% 11.4% 1.5% 12.2% 
Neoplasm c2 2.8% 16.4% 4.8% 21.4% 5.0% 21.7% 
Neoplasm c3 2.4% 15.4% 6.7% 25.1% 7.7% 26.7% 
Neoplasm c4 2.4% 15.2% 8.8% 28.4% 12.4% 33.0% 
Neoplasm c5 2.2% 14.8% 10.3% 30.4% 19.5% 39.7% 
1 LTC c1 1.0% 9.9% 0.0% 1.2% 0.0% 1.0% 
1 LTC c2 1.7% 12.9% 0.0% 1.5% 0.0% 2.0% 
1 LTC c3 1.2% 10.9% 0.0% 1.9% 0.0% 1.4% 
1 LTC c4 1.0% 10.1% 0.1% 2.9% 0.0% 2.0% 
1 LTC c5 0.7% 8.6% 0.2% 4.2% 0.1% 3.4% 
2-3 LTC c1 2.6% 16.0% 0.1% 2.4% 0.0% 1.7% 
2-3 LTC c2 5.7% 23.2% 0.3% 5.9% 0.3% 5.1% 
2-3 LTC c3 4.9% 21.7% 0.6% 7.5% 0.4% 6.2% 
2-3 LTC c4 4.7% 21.3% 0.9% 9.4% 0.5% 7.1% 
2-3 LTC c5 3.4% 18.0% 2.2% 14.7% 1.5% 12.2% 
4+ LTC c1 9.4% 29.1% 1.6% 12.4% 0.6% 7.9% 
4+ LTC c2 18.2% 38.6% 7.6% 26.5% 3.4% 18.1% 
4+ LTC c3 10.6% 30.8% 10.2% 30.3% 5.2% 22.2% 
4+ LTC c4 10.0% 30.0% 18.0% 38.5% 11.7% 32.2% 
4+ LTC c5 7.4% 26.1% 26.2% 44.0% 30.0% 45.8% 

Notes: SES: Socioeconomic status; c1-c5: complexity levels; LTC: Long Term Condition. The Top 5% and Top 1% are the number of patients that have been into that 
categories at any point during the study period. 
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error term. Standard errors are clustered at patient level and estimated 
coefficients from the GLM and logit models are reported as average 
marginal effects (Norton and Dowd, 2018). 

We also examined factors associated with being frequently, yi
F, and 

persistently, yi
P, among high cost patients. Frequency is a count of the 

number of years that the individual appears among the top 5% (or 1%) 
across the seven year period. Persistence is measured by counting 
consecutive years that the individual appears among the top 5% (or 1%). 
In analysing both measures we applied an equation of the general form: 

yi = α +
∑N

n=1
βnXi +

∑J

j=1
γjAMGi + δr + εi (2)  

Where yi = {yi
F,yi

P} and values for each X or AMG characteristic are those 
recorded either in 2017 or the year the individual died. Poisson models 
were used to estimate equation (2) for those in the top 5% but these 

models failed to converge for those with the top 1% of costs, so ordinary 
least squares was used instead. A robustness check was performed in 
which characteristics were set to 2011 rather than 2017 values (the 
results prove stable, as reported in Appendix). 

Statistical analysis was conducted using Stata 15 (College Station, 
TX, USA). 

3. Context and data 

The Spanish public health system is funded via taxation giving all 
citizens access to all healthcare services free at point of use, with the 
exception of co-payments for dentistry, some types of medical equip
ment and pharmaceuticals (from which disabled people and those on 
selected state benefits are exempt) (OECD/European Observatory on 
Health Systems and Policies, 2021). In Catalunya in 2017 (the last year 
covered by our data), 70.5% of total healthcare expenditure was derived 
from taxation, while the remainder came from private spending 
(Fundación IDIS, 2022). In 2017, 28% of the Catalan population had 
additional private health insurance, giving them subsidised access to 
private health care, although this did not prevent them from using the 
public system (ESCA, 2017). 

We analysed routine anonymised individual data about the use of 
publicly funded healthcare services collated by Agència de Qualitat i 
Avaluació Sanitàries de Catalunya (AQuAS) for the Catalan population 
of 7.5 m, of which 2 million are over 55 years old (Statistical Institute of 
Catalunya, Idescat, 2017). We took a 10% random sample from the 
Catalan Central Registry of Insured Persons of those aged 55+ on 
January 01, 2010, and analysed their utilisation of public healthcare 
services for seven years from 2011 to 2017, or to the date of death for 
those that died during the period. Every contact with the Catalan public 
healthcare system is recorded in administrative databases and the 
combined AQuAS dataset links pharmacy, primary care, hospital care, 
emergency department, long-term care, and mental health care data, as 
well as specialist care visits, non-emergency patient transportation, 
outpatient physical therapy, home-based oxygen therapy and dialysis. 

Fig. 2. Annual cost top 5% and top 1%.  

Fig. 3. Adjusted Morbidity Groups (% by full and subsamples).  

L. Maynou et al.                                                                                                                                                                                                                                



Social Science & Medicine 327 (2023) 115955

6

The data also included the cost of each service delivered in each of these 
settings, based on reimbursement tariffs (Vela et al., 2018). The data 
indicated only the year not the actual date when services were used but 
this allowed us to calculate total annual health care expenditure 
(re-based to 2017 prices) across all settings for each individual. 

The AQuAS dataset contains patient characteristics, including 
gender, age, and date of death (where applicable). We constructed 
dummy variables indicating the month of death, thereby accounting for 
the likelihood that individuals who died early in the year would have 
lower annual costs to those that died near the year end. 

SES is proxied according to broad income brackets, based on the 
income reported in the previous year’s tax return. This information is 
used to calculate pharmaceutical co-payments, such that there are four 
SES categories: Exempt (those with higher levels of disability, and 
people receiving selected state benefits or on minimum income policies); 
Low Income (<18,000€ a year); Medium Income (18,000€–100,000€ a 
year); and High Income (>100,000€ a year) (García-Altés et al., 2018; 
Carrilero et al., 2021; Servei Català de la Salut Generalitat de Catalunya, 
2022a). 

The dataset also includes information about each person’s morbidity 
status, defined using AMGs which are based on a risk score tool vali
dated for the Catalan population (Monterde et al., 2016, 2020). In
dividuals are classified each year to a particular AMG on the basis of 
diagnostic information recorded during the year using ICD10 codes 
(WHO, 2019). AMGs are structured in a hierarchy of six broad morbidity 
categories: healthy; pregnancy and childbirth (not relevant for our 
sample); acute disease; neoplasms (cancer); 1 LTC; 2–3 LTCs; and 4+
LTCs. The calculation and allocation of this grouping is explained in 
Appendix. As explained in Appendix, some of those in the healthy 

category did have positive health costs (notably pharmaceuticals), 
implying that they were not completely free of health problems, but 
their diagnoses were not used for allocation to the other five morbidity 
categories. With the exception of the healthy category, each of the other 
categories is divided into five levels of clinical complexity, generating 31 
mutually exclusive AMG groups (and another five for pregnancy and 
childbirth). AMGs have been validated in the Catalan population in 
several studies (Monterde et al., 2016, 2020; Cleries et al., 2020; Vela 
et al., 2021) and have better explanatory power than the Charlson Co
morbidity Index, counts of chronic conditions and Clinical Risk Groups 
when explaining healthcare resource use or costs. 

4. Results 

4.1. Characteristics of study subjects 

As depicted in Fig. 1, the starting sample consisted of 1,522,583 
observations for 227,583 patients, reduced to an analytical sample of 
1,485,170 observations for 224,249 patients after accounting for 
missing values. Descriptive statistics are presented in Table 1 and 
Table 2 for the full set of observations and for the patients respectively 
and for those among the 5% and 1% with the highest costs each year. 
The average annual cost (in 2017 prices) across the full sample was 
1,936€, rising to 15,867€ for those in the top 5% (who accounted for 
41% of total costs) and to 32,562€ for those in top 1% (who accounted 
for 17% of total costs). Fig. 2 shows the skewed upper end of the cost 
distribution. 2.7% of the sample made the transition into the top 5% and 
0.6% into the top 1% during the period. 

The AMG distributions, by category and complexity level, are shown 

Fig. 4. Adjusted Morbidity Groups (% by age group).  
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Fig. 5. Frequency and persistence among the top 5% and top 1% (I) - Frequency: number of years (II) - Persistence: consecutive years.  
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Table 3 
Results Annual cost, Top 5% and Top 1%.   

(1) 
GLM (AME) 
Annual cost 

(2) 
GLM (AME) 
Annual cost 

(3) 
Logit (AME) 
Top 5% 

(4) 
Logit (AME) 
Top 1% 

(5) 
Logit (AME) 
Trans. to top 5% 

(6) 
Logit (AME) 
Trans. to top 1% 

Female − 399 
(16) 

40** 
(16) 

− 0.002*** 
(0.001) 

− 0.001*** 
(0.0002) 

− 0.0003 
(0.0003) 

− 0.001*** 
(0.0001) 

Age - 65-74 503*** 
(17) 

90*** 
(25) 

− 0.013*** 
(0.001) 

− 0.005*** 
(0.001) 

− 0.006*** 
(0.001) 

− 0.004*** 
(0.0004) 

Age - 75-84 1339*** 
(19) 

175*** 
(24) 

− 0.022*** 
(0.001) 

− 0.009*** 
(0.001) 

− 0.009*** 
(0.001) 

− 0.006*** 
(0.0004) 

Age - 85-94 1708*** 
(21) 

− 45 
(30) 

− 0.034*** 
(0.001) 

− 0.013*** 
(0.001) 

− 0.015*** 
(0.001) 

− 0.009*** 
(0.0004) 

Age≥95 1076*** 
(60) 

− 397*** 
(72) 

− 0.046*** 
(0.002) 

− 0.015*** 
(0.001) 

− 0.020*** 
(0.001) 

− 0.010*** 
(0.001) 

SES 18,000–100,000 − 707*** 
(15) 

− 185*** 
(17) 

− 0.003*** 
(0.001) 

0.0002 
(0.0003) 

− 0.001*** 
(0.0003) 

0.0003* 
(0.0002) 

SES >100,000 − 1201*** 
(63) 

47 
(219) 

0.008* 
(0.004) 

0.007*** 
(0.003) 

0.001 
(0.002) 

0.003** 
(0.001) 

SES exempt 570*** 
(53) 

118*** 
(34) 

0.003*** 
(0.001) 

0.0003 
(0.001) 

0.0004 
(0.001) 

5.18e-05 
(0.0003) 

Died in January − 7.266 
(65) 

− 1280*** 
(28) 

− 0.043*** 
(0.001) 

− 0.009*** 
(0.0003) 

− 0.028*** 
(0.001) 

− 0.006*** 
(0.0002) 

Died in February 1173*** 
(82) 

− 891*** 
(46) 

− 0.033*** 
(0.001) 

− 0.009*** 
(0.0003) 

− 0.024*** 
(0.001) 

− 0.006*** 
(0.0003) 

Died in March 2204*** 
(106) 

− 637*** 
(35) 

− 0.021*** 
(0.001) 

− 0.007*** 
(0.0004) 

− 0.018*** 
(0.001) 

− 0.005*** 
(0.0004) 

Died in April 3143*** 
(141) 

− 356*** 
(61) 

− 0.005** 
(0.002) 

− 0.006*** 
(0.001) 

− 0.011*** 
(0.001) 

− 0.004*** 
(0.0004) 

Died in May 4128*** 
(241) 

− 227*** 
(50) 

0.002 
(0.002) 

− 0.004*** 
(0.001) 

− 0.005*** 
(0.002) 

− 0.004*** 
(0.001) 

Died in June 4965*** 
(201) 

39 
(53) 

0.017*** 
(0.003) 

− 0.001 
(0.001) 

− 0.001 
(0.002) 

− 0.001 
(0.001) 

Died in July 5044*** 
(219) 

135** 
(58) 

0.019*** 
(0.003) 

0.001 
(0.001) 

0.003* 
(0.002) 

0.0004 
(0.001) 

Died in August 5783*** 
(218) 

241*** 
(60) 

0.019*** 
(0.003) 

0.002** 
(0.001) 

0.005*** 
(0.002) 

− 0.001 
(0.001) 

Died in September 6806*** 
(268) 

447*** 
(66) 

0.031*** 
(0.003) 

0.007*** 
(0.001) 

0.010*** 
(0.002) 

0.004*** 
(0.001) 

Died in October 6985*** 
(249) 

521*** 
(68) 

0.035*** 
(0.003) 

0.007*** 
(0.001) 

0.014*** 
(0.002) 

0.004*** 
(0.001) 

Died in November 7540*** 
(274) 

644*** 
(62) 

0.045*** 
(0.003) 

0.008*** 
(0.001) 

0.016*** 
(0.002) 

0.006*** 
(0.001) 

Died in December 7415*** 
(244) 

750*** 
(66) 

0.048*** 
(0.003) 

0.009*** 
(0.001) 

0.025*** 
(0.002) 

0.007*** 
(0.001) 

Acute disease c1  218*** 
(7) 

0.0003 
(0.0002) 

0.0001 
(0.0001) 

0.0002 
(0.0002) 

0.0002 
(0.0001) 

Acute disease c2  329*** 
(10) 

0.001 
(0.0003) 

0.0002 
(0.0001) 

0.001* 
(0.0003) 

6.00e-05 
(9.78e-05) 

Acute disease c3  459*** 
(20) 

0.001 
(0.001) 

0.0004 
(0.0003) 

0.001 
(0.0004) 

0.0004 
(0.0003) 

Acute disease c4  655*** 
(23) 

0.0024** 
(0.001) 

0.001 
(0.0004) 

0.002** 
(0.001) 

0.0003 
(0.0003) 

Acute disease c5  1270*** 
(57) 

0.011*** 
(0.003) 

0.002* 
(0.001) 

0.010*** 
(0.003) 

0.001 
(0.0001) 

Neoplasm c1  2107*** 
(31) 

0.046*** 
(0.001) 

0.010*** 
(0.001) 

0.031*** 
(0.001) 

0.007*** 
(0.001) 

Neoplasm c2  4878*** 
(57) 

0.163*** 
(0.003) 

0.041*** 
(0.001) 

0.097*** 
(0.002) 

0.027*** 
(0.001) 

Neoplasm c3  8225*** 
(98) 

0.341*** 
(0.004) 

0.094*** 
(0.003) 

0.204*** 
(0.003) 

0.063*** 
(0.002) 

Neoplasm c4  12,164*** 
(145) 

0.528*** 
(0.005) 

0.172*** 
(0.004) 

0.311*** 
(0.005) 

0.119*** 
(0.004) 

Neoplasm c5  19,157*** 
(221) 

0.781*** 
(0.004) 

0.343*** 
(0.007) 

0.439*** 
(0.006) 

0.245*** 
(0.006) 

1 LTC c1  115*** 
(6) 

0.001*** 
(0.0003) 

9.89e-05 
(7.86e-05) 

0.0004*** 
(0.0001) 

6.05e-05 
(5.09e-05) 

1 LTC c2  230*** 
(6) 

0.0002 
(0.0001) 

0.0001* 
(7.30e-05) 

0.0003*** 
(9.26e-05) 

6.72e-05* 
(3.97e-05) 

1 LTC c3  427*** 
(9) 

0.003*** 
(0.0004) 

0.001*** 
(0.0002) 

0.001*** 
(0.0002) 

0.0003*** 
(0.0001) 

1 LTC c4  690*** 
(15) 

0.009*** 
(0.001) 

0.001*** 
(0.0002) 

0.002*** 
(0.0003) 

0.0003*** 
(0.0001) 

1 LTC c5  1305*** 
(26) 

0.019*** 
(0.001) 

0.002*** 
(0.0004) 

0.012*** 
(0.001) 

0.001*** 
(0.0003) 

2-3 LTC c1  309*** 
(5) 

0.001*** 
(0.0002) 

0.0003*** 
(9.60e-05) 

0.001*** 
(0.0001) 

0.0001*** 
(4.99e-05) 

(continued on next page) 
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in Fig. 3. Those with neoplasms of higher complexity levels were more 
likely to appear among those with the highest costs. The same was true 
of people with 4+ LTCs. 

The associations between age and the presence of AMGs are shown in 
Fig. 4. Higher proportions of relatively younger (55–75 years) and older 
(>95 years) people were allocated to the healthy group than were those 
aged 75–94 years. Those in the older age categories with 2–3 LTCs and 
with 4+ LTCs were more likely to have conditions of greater complexity. 

Fig. 5-I shows the frequency that someone was among the 5% and 1% 
of those with the highest costs each year across the seven year period. 
80.7% (95.5%) of the full sample never appear among the top 5% (1%) 
in any year, while 12.1% (3.5%) were in the top 5% (1%) for a single 
year, 4.0% (0.6%) appeared in two years, and the remaining 3.2% 
(0.5%) appeared in three or more years. 

Fig. 5-II reports persistence among the top 5% and top 1%. 3.2% 
(0.5%) remained in the top 5% (1%) for two consecutive years, 1.0% 
(0.2%) for three consecutive years, and 0.3% (0.05%) were in the top 
5% (1%) for the full seven years. 

4.2. Factors influencing costs 

Table 3 presents the results of estimating equation (1) for the three 
samples of observations. Columns (1) and (2) report the results of the 
analysis of annual costs cit without and with the set of AMG variables. 
The inclusion of AMG dramatically attenuates the estimated effects of 
age, gender, SES and of dying, as shown by comparing the estimates 
from columns (1) and (2) depicted as grey and black dots respectively in 
Fig. 6-I. 

As shown in column (2) annual costs were 40€ higher for women 

than men, and those aged 95+ had lower costs (− 397€) than those aged 
55–64. Compared to those who didn’t die, annual costs were − 891€ 
lower for those who died in January, increasing monotonically month- 
by-month up to 644€ higher for those that died in December. 

Fig. 6-I clearly indicates the dominant influence of neoplasms and 4+
LTCs on annual costs. Compared to people allocated to the healthy 
group, costs for someone with a neoplasm increased from 2107€ at 
complexity level 1 to 19,157€ at complexity level 5. For someone with 
4+ LTCs, costs increased from 1032€ at complexity level 1 to 11,740€ at 
complexity level 5. 

Columns (3) and (4) in Table 3 and Fig. 6-II report the factors asso
ciated with being among the most expensive 5% or 1% in any given year. 
The likelihoods were higher for males and for those with Low Income or 
Exempt from pharmaceutical co-payments status, and progressively 
lower for those in older age groups. Compared to those who were alive 
for the full data period, those who died during the first (latter) six 
months of any year were less (more) likely to be among the top 5% or 1% 
(effect sizes were very small for the top 1%). 

All these effects, however, are dwarfed by those associated with the 
AMG variables. Most notably, those with complex neoplasms were far 
more likely than those without to be among the top 5% and top 1%. 
Those with 4+ LTCs of higher levels of complexity were also much more 
likely than those with no LTCs to be among the top 5% and top 1%. 

Columns (5) and (6) in Table 3 and Fig. 6-III show the results from 
the logit models estimating the factors associated with transition into 
the high cost groups. These effects generally had a similar direction to 
those reported in Columns (3) and (4). Compared to survivors, those 
who died in the first (latter) five months of the year were less (more) 
likely to make the transition into the top 5% or 1%. Having a neoplasm 

Table 3 (continued )  

(1) 
GLM (AME) 
Annual cost 

(2) 
GLM (AME) 
Annual cost 

(3) 
Logit (AME) 
Top 5% 

(4) 
Logit (AME) 
Top 1% 

(5) 
Logit (AME) 
Trans. to top 5% 

(6) 
Logit (AME) 
Trans. to top 1% 

2-3 LTC c2  586*** 
(6) 

0.004*** 
(0.0002) 

0.0003*** 
(7.01e-05) 

0.002*** 
(0.0001) 

0.0002*** 
(4.53e-05) 

2-3 LTC c3  924*** 
(9) 

0.009*** 
(0.0004) 

0.001*** 
(0.0001) 

0.004*** 
(0.0002) 

0.001*** 
(8.26e-05) 

2-3 LTC c4  1324*** 
(12) 

0.017*** 
(0.001) 

0.002*** 
(0.0002) 

0.009*** 
(0.0004) 

0.001*** 
(0.0001) 

2-3 LTC c5  2690*** 
(26) 

0.063*** 
(0.001) 

0.009*** 
(0.001) 

0.045*** 
(0.001) 

0.006*** 
(0.0004) 

4+ LTC c1  1032*** 
(10) 

0.012*** 
(0.0004) 

0.001*** 
(0.0001) 

0.005*** 
(0.0002) 

0.0004*** 
(6.51e-05) 

4+ LTC c2  1981*** 
(14) 

0.034*** 
(0.001) 

0.004*** 
(0.0002) 

0.017*** 
(0.0003) 

0.002*** 
(0.0001) 

4+ LTC c3  3247*** 
(24) 

0.078*** 
(0.001) 

0.010*** 
(0.001) 

0.042*** 
(0.001) 

0.005*** 
(0.0003) 

4+ LTC c4  5128*** 
(38) 

0.173*** 
(0.002) 

0.029*** 
(0.001) 

0.099*** 
(0.001) 

0.017*** 
(0.001) 

4+ LTC c5  11,740*** 
(106) 

0.513*** 
(0.003) 

0.155*** 
(0.003) 

0.297*** 
(0.003) 

0.096*** 
(0.002) 

N 1,485,170 1,485,170 1,485,170 1,485,170 1,264,675 1,264,675 
AIC or Pseudo R2 16.922 15.920 0.351 0.323 0.284 0.308 
Region fixed-effects Yes Yes Yes Yes Yes Yes 
Year fixed-effects Yes Yes Yes Yes Yes Yes 
SE cluster patient-level patient-level patient-level patient-level patient-level patient-level 
Years 2011–2017 2011–2017 2011–2017 2011–2017 2012–2017 2012–2017 

Notes: Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. SES: Socioeconomic status; c1-c5: complexity level; LTC: Long Term Condition. Average Marginal Effects 
(AME) reported. Reference category: male, age 55–64, SES <18,000, alive, healthy. 
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Fig. 6. Results: Annual Costs, Top 5% and Top 1% (I) - Annual Cost (II) - Probability of being in the Top 5% and in the Top 1% (III) - Probability of transition into the 
Top 5% and in the Top 1%. 
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or 4+ LTCs were the most powerful predictors of transition, their 
importance rising in the level of complexity. 

The results of estimating equation (2) are reported in Table 4 and 
Fig. 7. Columns (1) and (2) show that men, those in younger age groups, 
those with lower SES, those who died later in the period, those with 
complex neoplasms, and those with more LTCs of higher complexity 
were all associated with appearing more frequently among the high cost 
groups. These factors had a similar effect when considering persistence 
among those with high costs, as reported in columns (3) and (4) 
respectively. 

5. Discussion 

Our analyses demonstrate that morbidity status, not age or proximity 
to death, is the key determinant of annual healthcare costs. Other studies 
have found that, having accounted for morbidity status, the age effect 
collapses, sometimes to zero (Dormont et al., 2006; Moore et al., 2017; 
Howdon and Rice, 2018; Carreras et al., 2018). Our analyses not only 
indicate that older age does not drive higher costs but indeed suggests 
quite the reverse: when analysing annual costs for the full sample of 
those aged 55+, those in the oldest age group (>95) were estimated to 
have lower costs than those in the other age categories. This is consistent 

with the negative age effect found by Wammes et al. (2019) in their 
analysis of costs for those with chronic heart failure. There is an even 
more striking message when focusing on those with the HNHC group: 
there is a negative age gradient associated with being among, tran
sitioning into and remaining in the top 5% and top 1%. The most likely 
explanation for this finding is that people that live longer are likely to be 
healthier, this probably being a factor in their longevity (Hazra et al., 
2018). If studies of healthcare costs fail to account for morbidity status 
they will give a misleading impression of the impact of age on costs. 

Consistent with the literature examining proximity to death on costs, 
we found associations between annual costs and whether and when 
people died. Those that died earlier (later) in the year had lower (higher) 
annual costs than those who survived, and were less (more) likely to be 
among those with the highest 5% and 1% of costs. But all of these effects, 
though generally statistically significant, were of small magnitude. 

In contrast to age and proximity to death, morbidity status was found 
to be the key determinant both of annual costs and of membership 
among HNHC group. Of the set of AMGs, the dominant predictors of 
costs were whether people had a neoplasm or 4+ LTCs, with costs rising 
in relation to the complexity of these problems. Cancer stands out as a 
main driver of costs for two main reasons. First, cancer is the main 
mortality cause in Catalunya and generates a lot of related healthcare 

Fig. 6. (continued). 
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Table 4 
Frequency and persistence among the Top 5% and Top 1%.   

(1) OLS 
Frequency top 5% 

(2) OLS 
Frequency top 1% 

(3) OLS 
Persistence top 5% 

(4) OLS 
Persistence top 1% 

Female − 0.027*** 
(0.003) 

− 0.011*** 
(0.002) 

− 0.026*** 
(0.003) 

− 0.010*** 
(0.0015) 

Age - 65–74 − 0.028*** 
(0.004) 

− 0.005*** 
(0.002) 

− 0.026*** 
(0.004) 

− 0.005*** 
(0.002) 

Age - 75–84 − 0.063*** 
(0.005) 

− 0.027*** 
(0.002) 

− 0.063*** 
(0.004) 

− 0.0257*** 
(0.002) 

Age - 85–94 − 0.212*** 
(0.006) 

− 0.091*** 
(0.003) 

− 0.197*** 
(0.006) 

− 0.085*** 
(0.003) 

Age≥95 − 0.348*** 
(0.016) 

− 0.129*** 
(0.006) 

− 0.330*** 
(0.015) 

− 0.123*** 
(0.006) 

SES 18,000–100,000 − 0.034*** 
(0.003) 

− 0.003** 
(0.002) 

− 0.029*** 
(0.003) 

− 0.003* 
(0.002) 

SES >100,000 − 0.002 
(0.012) 

0.013** 
(0.006) 

− 0.0002 
(0.011) 

0.012* 
(0.006) 

SES exempt 0.050*** 
(0.010) 

0.009* 
(0.005) 

0.040*** 
(0.009) 

0.008* 
(0.005) 

Died 2011 − 0.249*** 
(0.021) 

0.002 
(0.012) 

− 0.161*** 
(0.020) 

0.008 
(0.012) 

Died 2012 − 0.007 
(0.022) 

0.083*** 
(0.013) 

0.091*** 
(0.020) 

0.089*** 
(0.013) 

Died 2013 0.107*** 
(0.023) 

0.081*** 
(0.014) 

0.200*** 
(0.022) 

0.086*** 
(0.013) 

Died 2014 0.041 
(0.025) 

0.082*** 
(0.016) 

0.119*** 
(0.024) 

0.083*** 
(0.015) 

Died 2015 0.088*** 
(0.026) 

0.068*** 
(0.015) 

0.140*** 
(0.024) 

0.071*** 
(0.014) 

Died 2016 0.194*** 
(0.026) 

0.089*** 
(0.016) 

0.191*** 
(0.024) 

0.0766*** 
(0.015) 

Died 2017 0.144*** 
(0.027) 

0.090*** 
(0.016) 

0.126*** 
(0.025) 

0.074*** 
(0.015) 

Acute disease c1 − 0.005 
(0.010) 

− 0.003*** 
(0.001) 

− 0.002 
(0.010) 

− 0.003*** 
(0.001) 

Acute disease c2 − 0.008*** 
(0.003) 

− 0.002** 
(0.001) 

− 0.008*** 
(0.003) 

− 0.002** 
(0.001) 

Acute disease c3 − 0.007* 
(0.004) 

− 0.002** 
(0.001) 

− 0.005 
(0.004) 

− 0.002** 
(0.001) 

Acute disease c4 − 0.010* 
(0.005) 

− 0.003** 
(0.001) 

− 0.007 
(0.005) 

− 0.003** 
(0.001) 

Acute disease c5 0.002 
(0.012) 

− 0.003* 
(0.002) 

0.002 
(0.011) 

− 0.003* 
(0.002) 

Neoplasm c1 0.226*** 
(0.011) 

0.066*** 
(0.006) 

0.215*** 
(0.010) 

0.065*** 
(0.006) 

Neoplasm c2 0.501*** 
(0.011) 

0.126*** 
(0.006) 

0.463*** 
(0.010) 

0.119*** 
(0.006) 

Neoplasm c3 0.855*** 
(0.014) 

0.202*** 
(0.008) 

0.769*** 
(0.013) 

0.192*** 
(0.008) 

Neoplasm c4 1.275*** 
(0.018) 

0.330*** 
(0.011) 

1.118*** 
(0.016) 

0.312*** 
(0.010) 

Neoplasm c5 1.935*** 
(0.022) 

0.589*** 
(0.014) 

1.638*** 
(0.020) 

0.545*** 
(0.013) 

1 LTC c1 − 0.013*** 
(0.004) 

− 0.004*** 
(0.001) 

− 0.010*** 
(0.004) 

− 0.004*** 
(0.001) 

1 LTC c2 − 0.004 
(0.003) 

0.001 
(0.002) 

− 0.003 
(0.002) 

0.001 
(0.002) 

1 LTC c3 0.003 
(0.004) 

0.0003 
(0.001) 

0.004 
(0.005) 

0.0003 
(0.001) 

1 LTC c4 0.027*** 
(0.007) 

0.001 
(0.001) 

0.027*** 
(0.007) 

0.001 
(0.001) 

1 LTC c5 0.062*** 
(0.009) 

0.009*** 
(0.002) 

0.059*** 
(0.009) 

0.008*** 
(0.002) 

2–3 
LTC c1 

− 0.004 
(0.003) 

− 0.001** 
(0.001) 

− 0.002 
(0.002) 

− 0.001* 
(0.001) 

2–3 
LTC c2 

0.015*** 
(0.003) 

0.004*** 
(0.001) 

0.017*** 
(0.003) 

0.004*** 
(0.001) 

2–3 
LTC c3 

0.041*** 
(0.003) 

0.008*** 
(0.001) 

0.041*** 
(0.004) 

0.008*** 
(0.001) 

2–3 
LTC c4 

0.061*** 
(0.004) 

0.012*** 
(0.001) 

0.059*** 
(0.004) 

0.012*** 
(0.001) 

2–3 
LTC c5 

0.192*** 
(0.007) 

0.035*** 
(0.003) 

0.180*** 
(0.007) 

0.034*** 
(0.003) 

4+
LTC c1 

0.052*** 
(0.003) 

0.009*** 
(0.001) 

0.051*** 
(0.003) 

0.008*** 
(0.001) 

(continued on next page) 
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activity across all settings (Departament de Salut Generalitat de Cata
lunya, 2022). Second, expenditure on medicines accounts for 10% of the 
Catalan healthcare budget, and cancer drugs are among the most 
expensive of these medicines (Servei Català de la Salut Generalitat de 
Catalunya, 2022b). 

The AMGs also proved powerful explanations of whether someone 
made the transition into and remained among those with the top 5% or 
top 1% of annual costs; and of the number of years spent among the top 
5% or top 1%. Previous studies have attempted to develop general 
prediction models for those who might join the HNHC group (Chechulin 
et al., 2014; Rosella et al., 2018; Yang et al., 2018; Cohen et al., 2022) 
but the adoption of these models has been limited by “a very large 
number of predictor variables and the heavy data requirements to run 
the model” (Chechulin et al., 2014). The AMG system overcomes this 
complexity by reducing morbidity status to just 36 categories (including 
those for pregnancy and childbirth), thereby offering the potential to 
make prediction models more tractable. 

Our study demonstrates that valuable insights can be obtained by 
exploiting routine administrative data. A key attribute of the Catalan 
data is that morbidity markers are assigned according to the AMG 
classification system to all health care users each year (Monterde et al., 
2016). The AMG system is not perfect, however, notably because a 
non-trivial proportion of people classified as “healthy” had positive 
health expenditure during the year. Indeed 0.08% of those in “healthy” 
AMG category appeared among those with the highest 5% of annual 
costs. This suggests that these people might not be completely healthy, 
but might have unrecorded health problems or that their problems are 
not used by the grouping algorithm to allocate them to other AMG 
categories. This merits further exploration. 

There are drawbacks to using administrative data, of course, with 
three standing out for the dataset we employed. First, it is possible that 
the older that someone is, the more likely that health problems have 
been detected. If so, morbidity status would be more accurately coded as 
people grow older. This bias in coding accuracy might lead to upward 
(downward) bias of the estimated age effects for those in younger (older) 
age groups. 

Second, we have had to rely on the income brackets used to 

determine pharmaceutical co-payments as our measure of SES. The low 
and medium SES categories are not finely differentiated, containing 62% 
and 34% of observations respectively. This imposes limits on our ability 
to assess the extent to which healthcare costs vary within these large SES 
groups. Nevertheless, it is reassuring that these SES groups explained 
very little of the variation in costs, as would be expected in a public 
health system where access is based on need rather than income. 

Third, the data capture utilisation of publicly funded healthcare 
services only. In Catalunya, 28% of the population has additional private 
health insurance, giving them subsidised access to private healthcare. 
Information about the use of private healthcare is not collected by the 
government, so we were unable to analyse the totality of healthcare 
utilisation or total costs. It is worth emphasising also that, while we are 
able to analyse the characteristics of those used healthcare, we are not 
able to ascertain the extent to which people were under-served, and 
hence not receiving healthcare in accordance with their need. Compared 
to countries that lack universal health coverage, however, this may be 
less of a problem in Spain where there is a national health system free at 
the point of use. Nevertheless access to services may still be discrimi
natory. For instance, gender inequalities have been shown to be present 
in the use of cancer services (Cheung et al., 2020; Gill et al., 2019) and to 
persist during the end-of-life trajectory (Fernandez et al., 1999). As 
Dalmau-Bueno et al. (Dalmau-Bueno et al., 2021) point out “the mech
anisms underlying gender inequalities are complex and may overlap 
with other factors such as longevity (women in our population tended to 
be older), socioeconomic status (women tended to receive lower annual 
incomes), and social environment (living alone was twice more frequent 
among women than men), among others.” To address discrimination, 
the Catalan government is incorporating an explicit gender perspective 
in all phases of healthcare planning (WHO, 2020). 

In all developed countries, people are living longer but in declining 
health. This study has demonstrated that age and proximity to death are 
poor predictors of higher healthcare costs, which are explained mainly 
by morbidity status, particularly whether someone has neoplasms or 
multiple LTCs. These conditions are also the key reasons why people 
appear among or are likely to transition into the group with the highest 
costs. This makes intuitive sense: people don’t use heath care because 

Table 4 (continued )  

(1) OLS 
Frequency top 5% 

(2) OLS 
Frequency top 1% 

(3) OLS 
Persistence top 5% 

(4) OLS 
Persistence top 1% 

4+
LTC c2 

0.140*** 
(0.003) 

0.024*** 
(0.001) 

0.134*** 
(0.003) 

0.023*** 
(0.001) 

4+
LTC c3 

0.304*** 
(0.005) 

0.052*** 
(0.002) 

0.285*** 
(0.005) 

0.050*** 
(0.002) 

4+
LTC c4 

0.571*** 
(0.007) 

0.100*** 
(0.003) 

0.515*** 
(0.007) 

0.095*** 
(0.003) 

4+
LTC c5 

1.422*** 
(0.012) 

0.312*** 
(0.007) 

1.195*** 
(0.011) 

0.293*** 
(0.006) 

N 224,249 224,249 224,249 224,249 
R2 0.291 0.108 0.270 0.106 
Region fixed-effects Yes Yes Yes Yes 
SE cluster patient-level patient-level patient-level patient-level 
Years 2011–2017 2011–2017 2011–2017 2011–2017 

Notes: Significance levels: ***p < 0.01, **p < 0.05, *p < 0.1. Average Marginal Effects (AME) reported. Reference category: male, age 55–64, SES <18,000, alive, 
healthy. The month when the patient died is also included in the models as dummy variables. 
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Fig. 7. Results: Frequency and persistence in the Top 5% and Top 1% (I) - Frequency: number of years in the Top 5% and Top 1% (II) - Persistence: consecutive years 
in the Top 5% and Top 1%. 
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they are old or approaching death but because they are unwell. Identi
fying each individual’s morbidity status is key to ensuring that they can 
receive appropriate care at the right time and in the right settings. Such 
information would also enhance health expenditure forecasting models 
that typically rely only on age and gender structure, and occasionally 
proximity-to-death, when describing demographic pressures (Marino 
et al., 2017). The AMG system looks like a valuable way to characterise 
morbidity status that can be used in future studies of healthcare costs 
and membership among the HNHC group. 
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