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Abstract

Background: Multimorbidity is highly relevant for both service commissioning and clinical decision-making.
Optimization of variables assessing multimorbidity in order to enhance chronic care management is an unmet
need. To this end, we have explored the contribution of multimorbidity to predict use of healthcare resources at
community level by comparing the predictive power of four different multimorbidity measures.

Methods: A population health study including all citizens ≥18 years (n = 6,102,595) living in Catalonia (ES) on 31
December 2014 was done using registry data. Primary care service utilization during 2015 was evaluated through
four outcome variables: A) Frequent attendants, B) Home care users, C) Social worker users, and, D) Polypharmacy.
Prediction of the four outcome variables (A to D) was carried out with and without multimorbidity assessment. We
compared the contributions to model fitting of the following multimorbidity measures: i) Charlson index; ii)
Number of chronic diseases; iii) Clinical Risk Groups (CRG); and iv) Adjusted Morbidity Groups (GMA).

Results: The discrimination of the models (AUC) increased by including multimorbidity as covariate into the
models, namely: A) Frequent attendants (0.771 vs 0.853), B) Home care users (0.862 vs 0.890), C) Social worker users
(0.809 vs 0.872), and, D) Polypharmacy (0.835 vs 0.912). GMA showed the highest predictive power for all outcomes
except for polypharmacy where it was slightly below than CRG.

Conclusions: We confirmed that multimorbidity assessment enhanced prediction of use of healthcare resources at
community level. The Catalan population-based risk assessment tool based on GMA presented the best
combination of predictive power and applicability.
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Background
Multimorbidity, defined as the coexistence of two or
more diseases in a given individual, is a common feature
in chronic patients [1, 2] that increases with age [3] and
is well recognized as one of the major burdens on health
systems worldwide [4, 5]. Multimorbidity shows well
established associations with both high use of healthcare
resources and poor patient prognosis [6]. Regarding its

impact at community level, multimorbidity shows posi-
tive correlations with number of outpatient visits [7],
polypharmacy [8] and with patients’ frailty [9]. The latter
being a strong modulator of the need for both homecare
and social support services [10, 11].
Prevention and management of multimorbidity requires

implementation of care coordination, which involves inte-
gration of health and social services, in order to face the
challenges associated with the increasing prevalence of
chronic disorders [12, 13]. In this regard, the efficient im-
plementation of the chronic care model appears as the
best way to ensure health value generation, equity and
sustainability of health systems [14, 15].
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It is acknowledged that appropriate assessment of
multimorbidity [3, 7, 16] constitutes a core need in order
to enhance service commissioning, as well as other
health policy issues associated with large scale deploy-
ment of the practicalities of the chronic care model. To
this end, the current research uses a population-health
approach to compare the predictive role of four well-
defined modalities of multimorbidity assessment on use
of healthcare resources in Primary Care. Moreover, the
current study is to provide an objective assessment of
the new tool for population-based health risk assessment
(GMA, Adjusted Morbidity Groups), developed in Cata-
lonia and implemented in Spain since 2015, in terms of
prediction of use of healthcare resources in primary
care.

Methods
Data source and study population
Since 2011, the Catalan Health Department surveillance
system (CHSS) collects detailed information on health-
care usage for the entire population of Catalonia (North-
Eastern Spain, 7.5 million inhabitants) [17]. It includes
information from hospitalization, primary care visits,
emergency department visits, skilled nursing facilities,
palliative care and the mental health services, informa-
tion on pharmacy prescription and expenditure, and a
registry on the billing record also encompassing out-
patient visits to specialists, home hospitalization, medical
transportation (urgent and non-urgent), ambulatory re-
habilitation, respiratory therapies and dialysis.
The registry has an automated data validation system

that checks the consistency of the data and identifies po-
tential errors. Moreover, as this information is used for
provider payment purposes, external audits are per-
formed periodically to ensure the quality and reliability
of the data. The CHSS is also used to elaborate, on a
six-month basis, the regional population-based health
risk assessment tool, known as GMA (Adjusted Morbid-
ity Groups), which generates the health risk strata pyra-
mid of the general population of Catalonia [18, 19].
For the purposes of the current study, all adult resi-

dents (≥18 years) in Catalonia on 31st December 2014
were included in the analysis. This yielded a final study
population of 6,102,595 cases. The research was under-
taken under the umbrella of the Nextcare project [20],
approved by the Ethical Committee for Human Research
at Hospital Clínic de Barcelona (HCB/2018/0805). We
used retrospective de-identified data from administrative
databases and, therefore, the need for informed consent
was waived.

Multimorbidity assessment
The study compared the predictive power of four differ-
ent measures assessing multimorbidity: the Charlson

index [21], number of chronic diseases, Clinical Risk
Groups (CRG) [22], and GMA [18, 19, 23].
The Charlson index was included because it is the

most broadly used parameter to assess multimorbidity
[3]. This index was initially developed in hospitalized pa-
tients to estimate mortality prognosis based on age and
the fixed weights of 20 specific disorders [21]. The
current study used the 2007 updated version of the
Charlson index [24] adapted to primary care, further re-
fined in 2014 [25].
The number of chronic diseases was based on the

Clinical Classifications Software (CCS) [26] and the
Chronic Condition Indicator (CCI) [27] elaborated by
the Healthcare Cost and Utilization Project (HCUP) of
the Agency for Healthcare Research and Quality
(AHRQ). The CCS aggregates all diagnosis codes into
262 mutually exclusive, clinically homogeneous categor-
ies; whereas the CCI allows to determine if a diagnosis is
a chronic condition. The combination of CCS and CCI
provides the number of chronic conditions for a given
subject.
The study also included information provided by the

Clinical Risk Groups (CRG), elaborated to predict total
annual health costs for large patient groups [22]. CRG
consist of mutually exclusive risk groups estimating past
and future use of healthcare resources. It is of note that
calculation of CRG required information on diagnosis
across the Catalan health system during 2014, as well as
data on pharmacological prescriptions during the same
period. Only estimation of future use of resources was
considered in the current study.
Finally, we assessed the role of the morbidity grouper

developed in Catalonia (GMA) [18, 19]. GMA classifies
the population into 31 mutually exclusive categories
based on both multimorbidity and levels of patient com-
plexity (see detailed information on the GMA’s algo-
rithm and validation in Additional file 1: Figures S1–S3).

Outcome variables
The outcome variables considered in the current study
were: (A) Frequent attenders in primary care, defined by
≥12 visits to the primary care team irrespective of the
professional (physician, nurse, physiotherapist, etc.) and
the type of visit (primary care unit, home, remote) during
the year 2015; (B) Patients receiving home care support
either by the primary care team, emergency services or
teams specialized in geriatric and palliative care during
2015; (C) Patients receiving social support visits defined as
patients that performed visits to the community-based so-
cial care worker during 2015; and, (D) Patients receiving
polypharmacy, defined by prescription of more than eight
drugs during the year 2015. All the outcome variables
were treated as dichotomous.

Monterde et al. BMC Family Practice           (2020) 21:39 Page 2 of 9



A sensitivity analysis carried out to determine the cut-
off points for A) and D) showed similar results for per-
centiles 95 and 85. The later (P85) was used in the study.
The analysis of patients receiving social support was lim-
ited to the primary care centres that had one social
worker assigned to the staff (n = 4,776,005) due to the
fact that in some geographical areas social support is dir-
ectly linked to city council services and information was
not available for the current analysis.

Data analysis
The current study consisted of a prospective analysis of
existing registry information at 31 December 2014 to
calculate the four multimorbidity measures (Charlson
index, number of chronic diseases, CRG and GMA) and
the events occurring during the entire 2015 for the four
outcomes variables (A to D) described above. Results are
expressed as mean values, standard deviations and 95%
confidence intervals.
Logistic regressions were carried using each outcome

variable as the dependent variable. For each model, the
following covariates were considered: (i) age, (ii) sex, and
(ii) socioeconomic level, as well as all first order interactions
among those covariates. Moreover, the individual contribu-
tions of the three multimorbidity measures to the perform-
ance of the resulting predictive models was assessed, with a
log-likelihood ratio test, through its inclusion as a covariate
in the regression analyses. Accordingly, the model with age,
sex and socioeconomic status was the baseline model. Age
was analysed as a categorical variable grouped in 5-year in-
tervals except for the two extreme periods, 18–19 years
and > 94 years. Socioeconomic level was calculated as aver-
age income of all the residents living in the primary care
area and expressed as a categorical variable using five levels
[28]. It is of note that multimorbidity measures were in-
cluded in the predictive modelling as categorical variables
to allow for possible non-linearity in the relationship
between multimorbidity and the relevant outcome variable.
To evaluate the performance of the resulting predictive

models, we calculated the Akaike information criterion
(AIC) [29], the deviance-based R-square (R2) and the area
under the receiver operating characteristic (AUROC)
curve [30].
Statistical analyses were performed using SPSS soft-

ware, version 18.0. All statistical tests and confidence in-
tervals were constructed with a type I error (alpha) level
of 5%, and p-values < 0.05, were considered statistically
significant.

Results
The study group included 6,102,595 cases with an aver-
age age of 49.1 ± 18.2 years, 51.3% women with a mean
age of 50.3 ± 18.9 years. Main descriptive statistics for

each of the outcome variables is indicated in Table 1
(see detailed information in Additional file 1: Tables S1–S6).
Figure 1 displays the distributions of the outcome vari-

ables (A to D) by age and sex. It is of note that use of
healthcare resources was slightly higher in young women
than in men, but sex differences in terms of use of
healthcare resources vanished above 65 years, except for
use of home care services that was also higher in women
above this age threshold. Table 2 describes age and sex
distributions by multimorbidity measures considered in
the current study.
The contributions of each multimorbidity measure to

explain the outcome variables is indicated in Table 3.
The first row of the table indicates model fitting (AIC,
R2 and AUC) for each outcome variable (columns)
against a model containing age, sex, socioeconomic level
and all first order interactions among those covariates
without taking into account multimorbidity (baseline
model). The corresponding values of these statistical
measures when each of the four multimorbidity mea-
sures is added as a covariate are displayed in the subse-
quent rows, from 2nd to 4th. It is of note that lower
values for AIC and higher values for both R2 and AUC
indicate enhanced model fitting by including the corre-
sponding multimorbidity variable. In general, the three
statistics (AIC, R2 and AUC) used to assess model fitting
showed acceptable concordance within each multimor-
bidity measure.
The results displayed in Table 3 indicate that multi-

morbidity assessment provides a significant enhance-
ment of predictions irrespective the measure applied.
The comparisons among the three multimorbidity mea-
sures indicate that the best results were obtained with
the use of GMA except for patients receiving polyphar-
macy, where GMA performed slightly below CRG.

Discussion
Main findings
To the best of our understanding, the current study has
generated two relevant findings. Firstly, the results con-
sistently confirm that inclusion of multimorbidity as a
covariate generates a significant enhancement of estima-
tions of use of healthcare resources in Primary Care.
Secondly, comparisons among the different multimor-

bidity measures indicate that GMA provided better dis-
crimination and predictive power than the other
multimorbidity measures, for all the outcome variables ex-
cept for those patients receiving polypharmacy. For this
outcome, the contribution of CRG was only slightly higher
than that of GMA. It is of note, however, that GMA shows
higher applicability than CRG because the use of the
former does not require information on drug prescription.
We acknowledge that predictive modelling based on

registry data (CHSS) showed moderate robustness since, in
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the best scenario, it can only explain a rather modest per-
centage of the overall individual variability. Consequently,
the study suggests the need for exploring synergies between
the GMA grading system and functional status (i.e. mobil-
ity, strength, cognitive status), as well as clinical informa-
tion, to enhance health risk assessment and service
selection in the clinical arena, as analysed in detail in [18].

Contributions beyond the current state of the art
As mentioned, the current research supports previous
findings indicating that assessment of multimorbidity
enhances predictive modelling of use of healthcare and
social support resources at community level as com-
pared to approaches based only on demographics. It can
be speculated that the modest performance of the Charl-
son index in the study can be partly explained by the
fact that its calculation is based on a reduced number of
disorders (n = 20) using fixed-weights in each of them
and focused only in mortality.
The number of chronic diseases, despite its simplicity,

shows better predictive value than the CRG for most of

the outcomes, except for polypharmacy. It is of note,
however, that the GMA shows the best performance.
While several studies have analysed the contribution

of the Adjusted Clinical Groups (ACG) System [31] as a
multimorbidity index for prediction of use of healthcare
resources [3, 32], there are few analyses assessing the
role of CRG as multimorbidity index. Orueta et al. [9]
have reported that CRG behaves similarly to ACG for
prediction of use of healthcare resources in primary care.
As alluded to above, the current research indicates lower
performance for CRG as compared to GMA, except for
polypharmacy outcome.

Strengths and weaknesses of the study
The clinical focus of the study assessing main outcome
variables, namely: (i) Frequentation in Primary Care, (ii)
Integration with social support services; and, (iii)
Pharmacological prescription, should be considered a
novelty and, consequently, a strength of the current re-
search. Also, the characteristics of the source dataset in
terms of quality of the CHSS registry information and

Table 1 Mean values of the six outcome variables by gender, age groups and socio-economic status

n PC visits
(mean, ±SD, CI95%)

Frequent
attenders

Home care
users

Social worker
users

Medications
(mean, ±SD, CI95%)

Polypharmacy
patients

Total 6,102,
595

6.11, ±9.5,
6.10–6.12

14.1% 4.8% 2.7% 3.90 ± 4.7
3.90–3.90

15.5%

Gender

Males 2,971,
861

5.37, ±9.3,
5.36–5.38

11.8% 3.6% 1.9% 3.31, ±4.4,
3.30–3.31

12.3%

Females 3,130,
734

6.82, ±9.5,
6.81–6.83

16.2% 5.9% 3.4% 4.46, ±4.9,
4.46–4.47

18.5%

Age group

18–44
years

2,773,
927

3.43, ±5.7,
3.43–3.44

5.3% 0.8% 0.7% 1.90, ±2.7,
1.90;1.90

3.3%

45–64
years

1,974,
444

5.50, ±8.0,
5.49–5.51

11.8% 2.1% 1.6% 3.64, ±4.2,
3.63–3.65

12.5%

65–74
years

683,948 9.99, ±10.9,
9.96–10.01

26.9% 6.3% 3.2% 7.24, ±5.4,
7.22–7.25

35.7%

75–84
years

458,841 14.68, ±15.0,
14.64–14.72

43.2% 20.2% 10.9% 9.49, ±5.7,
9.47–9.50

53.3%

> 84 years 211,435 15.84, ±16.9,
15.77–15.91

45.4% 43.5% 18.8% 9.60, ±5.5,
9.58–9.63

55.4%

Socioeconomic status

Very High 621,888 4.34, ±7.7,
4.33–4.36

8.7% 3.8% 2.1% 3.21, ±4.5,
3.20–3.22

12.5%

High 1,248,
738

5.50, ±8.8,
4.48–5.51

12.1% 4.8% 3.0% 3.70, ±4.7,
3.69–3.71

14.6%

Moderate 2,398,
649

6.39, ±9.7,
6.37–6.40

14.9% 4.8% 2.5% 3.92, ±4.7,
3.92–3.93

15.5%

Poor 1,224,
004

6.82, ±10.1,
6.80–6.84

16.3% 5.4% 2.8% 4.15, ±4.8,
4.14–4.16

16.7%

Very poor 609,316 6.68, ±9.9,
6.65–6.70

15.9% 4.6% 3.4% 4.41, ±5.0,
4.40–4.43

18.3%

PC Primary care, SD Standard Deviation, CI95% Confidence interval 95%
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extension of the dataset should be considered as key fac-
tors providing robustness to the predictive modelling.
We acknowledge, however, that assessment of social

support services shows some limitations since it does
not include the entire study population. Moreover, the
covariate on socioeconomic level did not rely on individ-
ual information. Instead, it was based on average data of
the primary care area.
We also acknowledge that GMA, as well as other multi-

morbidity indices, show limitations for risk assessment of
specific subsets of individuals like children or patients with
mental disorders. However, undergoing research on men-
tal illnesses is opening novel perspectives in this area.

Implications beyond the current study
The rather modest amount of inter-individual variability
explained by the current predictive modelling seems to
indicate that integration between registry data from the
CHSS and electronic medical records of healthcare pro-
viders emerge as a high priority goal in order to enhance
clinical predictions that may facilitate links between
health risk predictive modelling and integrated care ser-
vice selection [18]. This approach should pave the way
toward enhanced risk assessment with huge positive im-
plications on clinical management of chronic patients by

assisting health professionals in clinical decision-making
and in optimizing their agendas.
Besides the high potential of multimorbidity assess-

ment in the clinical scenario, the current approach
shows also interest for macro level management of
chronic conditions. For example, it can be extremely
useful in several areas, namely: (i) service commis-
sioning, (ii) design of reimbursement incentives; (iii)
benchmarking among providers; (iv) propensity score
statistical weighting in studies carried out in a real
world scenario [33], etc. But, it has also shown to be
useful for linking macro and micro level management
for the design of services with case finding purposes
addressing patients with high risk of undesirable
health events [19].
It should be highlighted that, besides the predictive

performance provided by the GMA in the current study,
the rationale behind its use, against alternative health
risk assessment tools, is that GMA complies with four
main recommended criteria [18], namely: (i) Population
health approach (uses the entire population of 7.5 M
inhabitants of the region); (ii) Publicly owned with-
out licensing constraints; (iii) Based on open source
computational algorithms; and, iv) Adjusted morbid-
ity grouper that relies mostly on statistical criteria,
as opposed to other tools that include expert-based

Fig. 1 Distribution of the outcome variables in the study population by age (y-axis) and sex (x-axis): a: Frequent attendants (> 12 primary care
visits) (%); b: Home care users (%); c: Social worker users (%); d: Polypharmacy patients (%)

Monterde et al. BMC Family Practice           (2020) 21:39 Page 5 of 9



Ta
b
le

2
M
or
bi
di
ty

m
ea
su
re
s
by

ag
e,
ge

nd
er

an
d
So
ci
oe

co
no

m
ic
st
at
us

n
Fe
m
al
es

(%
)

A
ge

(m
ea
n,

±
SD

,C
I9
5%

)
A
ge

gr
ou

p
(%
)

So
ci
oe

co
no

m
ic
st
at
us

(%
)

<
65

65
–7
4

75
–8
4

>
84

Ve
ry

H
ig
h

H
ig
h

M
od

e-
ra
te

Po
or

Ve
ry

po
or

C
ha
rls
on

in
de

x

0
3,
77
3,
27
1

49
.3

40
.8
5,
±
13
.8
,

40
.8
3–
40
.8
6

94
.1

4.
3

1.
3

0.
4

14
.6

28
.2

17
.2

26
.7

13
.4

1
1,
06
8,
68
9

55
.7

55
.8
9,
±
15
.8
,

55
.8
6–
55
.9
2

69
.3

18
.1

9.
4

3.
3

9.
4

19
.9

40
.2

20
.7

9.
8

2
53
6,
38
6

56
.1

63
.5
1,
±
14
.9
,

63
.4
7–
63
.5
5

49
.6

26
.3

17
.3

6.
8

9.
4

19
.9

39
.6

21
.0

10
.1

3
30
2,
55
9

55
.3

69
.1
5,
±
13
.7
,

69
.1
0–
69
.2
0

33
.7

28
.6

25
.4

12
.3

9.
7

20
.3

39
.2

20
.5

10
.3

4
17
5,
58
2

52
.7

73
.0
5,
±
12
.3
,

72
.9
9;
73
.1
0

22
.9

27
.8

31
.7

17
.7

9.
3

20
.2

39
.1

20
.7

10
.7

5
99
,8
65

50
.8

75
.5
2,
±
11
.5
,

75
.4
5–
75
.5
9

16
.5

25
.1

35
.8

22
.6

8.
8

20
.3

38
.9

21
.0

11
.0

6
68
,7
17

44
.0

71
.2
1,
±
16
.8
,

71
.0
8–
71
.3
4

27
.7

19
.0

31
.1

22
.2

9.
2

20
.9

37
.5

20
.6

11
.7

7
37
,1
28

42
.9

73
.7
5,
±
14
.6
,

73
.6
0–
73
.9
0

22
.7

19
.3

33
.6

24
.4

8.
8

20
.5

37
.8

20
.6

12
.3

>
7

40
,3
98

40
.2

74
.3
8,
±
13
.5
,

74
.2
5–
74
.5
1

21
.3

19
.9

34
.9

23
.9

8.
2

20
.5

38
.3

20
.8

12
.2

C
RG

st
at
us

(a
)

H
ea
lth

y/
N
on

-U
se
rs

3,
61
0,
83
2

48
.6

40
.2
7,
±
13
.5
,

40
.2
5–
40
.2
8

95
.0

3.
5

1.
1

0.
4

10
.9

20
.8

38
.9

19
.5

9.
8

H
is
to
ry

of
si
gn

ifi
ca
nt

ac
ut
e
di
se
as
e

11
1,
70
9

55
.4

47
.9
6,
±
15
.9
,

47
.8
7;
48
.0
5

83
.6

10
.3

4.
3

1.
8

8.
3

19
.1

40
.8

21
.1

10
.7

Si
ng

le
m
in
or

ch
ro
ni
c
di
se
as
e

42
3,
41
8

65
.8

52
.3
5,
±
14
.6
,

52
.3
1–
52
.3
9

79
.2

14
.1

5.
0

1.
6

9.
3

20
.2

40
.6

20
.4

9.
5

M
in
or

ch
ro
ni
c
di
se
as
e
in

m
ul
tip

le
sy
st
em

s
11
9,
54
0

79
.5

61
.0
7,
±
12
.8
,

61
.0
0–
61
.1
5

59
.6

25
.9

11
.4

3.
0

9.
8

20
.4

40
.3

20
.1

9.
3

Si
ng

le
do

m
in
an
t
or

m
od

er
at
e
ch
ro
ni
c
di
se
as
e

1,
02
6,
77
0

50
.8

61
.2
5,
±
16
.4
,

61
.2
2–
61
.2
9

54
.8

22
.7

15
.4

7.
0

9.
2

20
.1

39
.7

20
.8

10
.1

Si
gn

ifi
ca
nt

ch
ro
ni
c
di
se
as
e
in

m
ul
tip

le
sy
st
em

s
75
8,
54
7

52
.7

70
.1
1,
±
13
.5
,

70
.0
8–
70
.1
4

31
.0

28
.1

27
.4

13
.5

8.
8

19
.6

39
.5

21
.3

10
.8

D
om

in
an
t
ch
ro
ni
c
di
se
as
e
in

>
2
sy
st
em

s
36
,6
68

55
.8

74
.9
2,
±
11
.9
,

74
.8
0;
75
.0
4

18
.7

22
.5

37
.4

21
.4

8.
7

19
.1

38
.8

21
.8

11
.6

D
om

in
an
t
an
d
m
et
as
ta
tic

m
al
ig
na
nc
ie
s

34
55

23
.6

70
.9
2,
±
14
.0
,

70
.4
5–
71
.3
9

29
.2

26
.0

28
.1

16
.7

9.
8

19
.9

41
.0

19
.7

9.
6

C
at
as
tr
op

hi
c
co
nd

iti
on

11
,6
56

27
.7

47
.9
7,
±
11
.0
,

47
.7
7–
48
.1
7

92
.5

5.
6

1.
6

0.
2

11
.9

22
.2

32
.6

19
.6

13
.7

Monterde et al. BMC Family Practice           (2020) 21:39 Page 6 of 9



Ta
b
le

2
M
or
bi
di
ty

m
ea
su
re
s
by

ag
e,
ge

nd
er

an
d
So
ci
oe

co
no

m
ic
st
at
us

(C
on

tin
ue
d)

n
Fe
m
al
es

(%
)

A
ge

(m
ea
n,

±
SD

,C
I9
5%

)
A
ge

gr
ou

p
(%
)

So
ci
oe

co
no

m
ic
st
at
us

(%
)

<
65

65
–7
4

75
–8
4

>
84

Ve
ry

H
ig
h

H
ig
h

M
od

e-
ra
te

Po
or

Ve
ry

po
or

G
M
A
m
or
bi
di
ty

le
ve
l(

a )

H
ea
lth

y
1,
00
7,
73
4

41
.0

40
.6
8,
±
13
.4
,

40
.6
6–
40
.7
1

95
.1

3.
4

1.
1

0.
5

16
.2

22
.9

36
.0

16
.9

8.
0

A
cu
te

pa
th
ol
og

ie
s

53
1,
70
7

43
.2

36
.9
3,
±
12
.1
,

36
.9
0–
36
.9
7

97
.5

1.
8

0.
5

0.
2

10
.3

20
.1

40
.4

19
.8

9.
4

Pr
eg

na
nc
y
an
d
ch
ild
bi
rt
h

79
,0
64

10
0.
0

32
.6
0,
±
5.
8,

32
.5
6–
32
.6
4

10
0.
0

0.
0

0.
0

0.
0

6.
6

18
.0

40
.9

22
.1

12
.3

C
hr
on

ic
pa
th
ol
og

ie
s
in

1
sy
st
em

1,
23
1,
87
4

47
.1

40
.8
7,
±
13
.6
,

40
.8
4–
40
.8
9

94
.4

3.
9

1.
2

0.
4

9.
7

20
.2

40
.1

20
.2

9.
7

C
hr
on

ic
pa
th
ol
og

ie
s
in

2
or

3
sy
st
em

s
1,
70
7,
74
3

54
.1

49
.5
4,
±
16
.5
,

49
.5
1–
49
.5
6

80
.5

12
.1

5.
4

2.
0

8.
6

19
.8

40
.3

21
.0

10
.4

C
hr
on

ic
pa
th
ol
og

ie
s
in

>
3
sy
st
em

s
1,
27
3,
57
9

60
.2

65
.4
0,
±
16
.1
,

65
.3
7–
65
.4
2

43
.7

24
.3

21
.3

10
.7

8.
2

19
.9

39
.4

21
.1

11
.3

A
ct
iv
e
ne

op
la
sm

27
0,
89
4

50
.5

67
.9
4,
±
14
.5
,

67
.8
9–
68
.0
0

36
.1

27
.8

25
.1

11
.0

10
.2

20
.9

38
.3

20
.4

10
.1

(a
)
Se
e
Ta
bl
es

4S
–6

S,
re
sp
ec
tiv

el
y,
fo
r
fu
rt
he

r
in
fo
rm

at
io
n

Monterde et al. BMC Family Practice           (2020) 21:39 Page 7 of 9



coefficients, thus facilitating quick transferability to
other territories.

Conclusions
The current study confirms the impact of multimorbid-
ity assessment for enhanced predictive modelling of use
of healthcare resources in Primary Care through a popu-
lation health approach. Moreover, the research indicates
the high potential of GMA in terms of performance and
applicability.

Supplementary information
Supplementary information accompanies this paper at https://doi.org/10.
1186/s12875-020-01104-1.

Additional file 1. Characteristics of the GMA algorithm and extended
information on the study group.

Abbreviations
ACG: Adjusted Clinical Groups; AHRQ: Agency for Healthcare Research and
Quality; AIC: Akaike information criterion; AUC/AUROC: Area under the ROC
Characteristic; CCI: Chronic Condition Indicator; CCS: Clinical Classifications
Software; CHSS: Catalan Health Department surveillance system; CRG: Clinical
Risk Groups; GMA: Adjusted Morbidity Groups; HCB: Hospital Clínico de
Barcelona; HCUP: Healthcare Cost and Utilization Project

Acknowledgements
Not applicable.

Authors’ contributions
Study conception and design, DM, EV, MC and PP. Data acquisition, DM, EV,
and MC. Data analysis, DM, EV and MC. Manuscript preparation, DM, EV, MC, LG,
JR and PP. Manuscript revision, All authors. All authors read and approved the
final manuscript.

Funding
This work was supported by NEXTCARE COMRDI15-1-0016 Generalitat de Ca-
talunya. The funding body have provided economic support for the design
of the study, the collection analysis and interpretation of data, and for the
writing of the manuscript.

Availability of data and materials
The datasets generated and/or analysed during the current study are not
publicly available due limitations of the EU General Data Protection
Regulation (GDPR) but are available from the co-author David Monterde
(dmonterde@gencat.cat) on reasonable request.

Ethics approval and consent to participate
All methods were carried out in accordance with relevant guidelines and
regulations. The current research was undertaken under the umbrella of the
Nextcare project [20] and was granted explicit ethics approval by the Ethical
Committee for Human Research at Hospital Clínic de Barcelona (HCB/2018/
0805). Patient data were obtained from public registers and patient consent
to participate was not required.

Consent for publication
Not applicable.

Competing interests
David Monterde, Emili Vela and Montse Clèries are the developers of the
GMA. All authors declare no support from any for profit organisation for the
submitted work; no financial relationships with any organisations that might
have an interest in the submitted work in the previous three years; no other
relationships or activities that could appear to have influenced the submitted
work.

Author details
1Sistemes d’Informació, Institut Català de la Salut, Barcelona, Catalonia, Spain.
2Unitat d’informació i Coneixement, Servei Català de la Salut, Barcelona,
Spain. 3Gerència de Sistemes d’informació, Servei Català de la Salut,
Barcelona, Spain. 4Hospital Clinic de Barcelona, Institut d’Investigacions
Biomèdiques August Pi i Sunyer (IDIBAPS), CIBERES, Universitat de Barcelona,
Villarroel, 170, 08036 Barcelona, Spain. 5Coordinació de les Tecnologies de la
Informació i la Comunicació del Sistema de Salut. Generalitat de Catalunya,
Barcelona, Spain.

Received: 9 April 2018 Accepted: 31 January 2020

References
1. Ward BW, Schiller JS, Goodman RA. Multiple chronic conditions among US

adults: a 2012 update. Prev Chronic Dis. 2014;11:130389.
2. Barnett K, Mercer SWS, Norbury M, Watt GG, Wyke S, Guthrie B, et al.

Epidemiology of multimorbidity and implications for health care, research,
and medical education: a cross-sectional study. Lancet (London, England).
2012;380(9836):37–43.

3. Huntley AL, Johnson R, Purdy S, Valderas JM, Salisbury C. Measures of
multimorbidity and morbidity burden for use in primary care and
community settings: a systematic review and guide. Ann Fam Med. 2012;
10(2):134–41.

4. Nolte E, McKee eds. M. Caring for people with chronic conditions: a health
system perspective: Open University Press; 2008. 259 p

5. Gerteis J, Izrael D, Deitz D, LeRoy L, Ricciardi R. R MMultiple Chronic
Conditions Chartbook 2010 Medical expenditure panel survey data: Agency
for Healthcare Research and Quality; 2010.

6. Wolff JL, Starfield B, Anderson G. Prevalence, expenditures, and
complications of multiple chronic conditions in the elderly. Arch Intern
Med. 2002;162(20):2269–76.

Table 3 Contributions of multimorbidity measurements on predictive modelling of use of healthcare resources in Primary Care

A: Frequent attendants B: Home care needs C: Social worker needs D: Polypharmacy patients

AIC R2 AUC AIC R2 AUC AIC R2 AUC AIC R2 AUC

Baseline model 3.08 21.5% 0.771 1.38 33.4% 0.862 1.01 20.6% 0.809 3.27 29.9% 0.835

Charlson index 2.83 28.7% 0.808 1.30 37.6% 0.878 0.96 24.8% 0.841 2.78 41.4% 0.880

Number of chronic diseases 2.60 35.3% 0.840 1.27 38.9% 0.886 0.93 27.6% 0.862 2.44 49.1% 0.906

Clinical Risks Groups (CRG) 2.70 32.5% 0.830 1.30 37.5% 0.883 0.95 25.4% 0.851 2.38 50.9% 0.912

Adjusted Morbidity Groups (GMA) 2.49 38.4% 0.853 1.25 40.0% 0.890 0.91 29.3% 0.872 2.41 50.1% 0.910

The table reports the statistics indicating model fitting of the multiple regression analyses carried out to estimate each of the outcome variables (A to D). The first
row describes absolute values of the three statistics: AIC: Akaike Information Criterion (in millions); R2: deviance-based R-squared measure; and AUC: Area Under
the ROC Curve for predictive models including as covariates: age group, sex, socioeconomic status and all the first order interactions between these variables, but
not multimorbidity measurements (Baseline model)
The subsequent rows correspond to the contributions of the four multimorbidity measures to model fitting for each outcome variable (A to D), namely: i)
Charlson index; ii) Number of chronic diseases; iii) Clinical Risks Groups (CRG), and, iv) Adjusted Morbidity Groups (GMA)

Monterde et al. BMC Family Practice           (2020) 21:39 Page 8 of 9

https://doi.org/10.1186/s12875-020-01104-1
https://doi.org/10.1186/s12875-020-01104-1
mailto:dmonterde@gencat.cat


7. Glynn LG, Valderas JM, Healy P, Burke E, Newell J, Gillespie P, et al. The
prevalence of multimorbidity in primary care and its effect on health care
utilization and cost. Fam Pract. 2011;28(5):516–23.

8. Halling A, Fridh G, Ovhed I. Validating the Johns Hopkins ACG case-mix
system of the elderly in Swedish primary health care. BMC Public Health.
2006;6(1):171.

9. Orueta JF, Nuño-Solinis R, Mateos M, Vergara I, Grandes G, Esnaola S.
Predictive risk modelling in the Spanish population: a cross-sectional study.
BMC Health Serv Res. 2013;13(1):269.

10. Bäck MA, Calltorp J. The Norrtaelje model: a unique model for integrated
health and social care in Sweden. Int J Integr Care. 2015;15:e016.

11. Reckrey JM, Gettenberg G, Ross H, Kopke V, Soriano T, Ornstein K. The
critical role of social Workers in Home-Based Primary Care. Soc Work Health
Care. 2014;53(4):330–43.

12. WHO. Innovative Care for Chronic Conditions: building blocks for action.
Geneva: World Health Organization (WHO/MNC/CCH/02.01). http://www.
who.int/chp/knowledge/publications/icccglobalreport.pdf. Date last
accessed: March 9 2017. Geneva: World Health Organization; 2002.

13. Murray CJL, Lopez AD. Measuring the global burden of disease. N Engl J
Med. 2013;369(5):448–57.

14. Epping-Jordan JE, Pruitt SD, Bengoa R, Wagner EH. Improving the quality of
health care for chronic conditions. Qual Saf Health Care. 2004;13(4):299–305.

15. Hernandez C, Alonso A, Garcia-Aymerich J, Grimsmo A, Vontetsianos T,
Cuyàs FG, et al. Integrated care services: lessons learned from the
deployment of the NEXES project. Int J Integr Care [Internet]. 2015;15(1):
e006 Available from: http://www.ncbi.nlm.nih.gov/pubmed/26034465, [cited
2017 Feb 26].

16. Quail JM, Lix LM, Osman BA, Teare GF. Comparing comorbidity measures for
predicting mortality and hospitalization in three population-based cohorts.
BMC Health Serv Res. 2011;11(1):146.

17. Farré N, Vela E, Clèries M, Bustins M, Cainzos-Achirica M, Enjuanes C, et al.
Medical resource use and expenditure in patients with chronic heart failure:
a population-based analysis of 88 195 patients. Eur J Heart Fail. 2016;18(9):
1132–40.

18. Dueñas-Espín I, Vela E, Pauws S, Bescos C, Cano I, Cleries M, et al. Proposals
for enhanced health risk assessment and stratification in an integrated care
scenario. BMJ Open [Internet]. 2016;6(4):e010301 Available from: http://
www.ncbi.nlm.nih.gov/pubmed/27084274, [cited 2017 may 8].

19. Monterde D, Vela E, Clèries M. Los grupos de morbilidad ajustados: nuevo
agrupador de morbilidad poblacional de utilidad en el ámbito de la
atención primaria. Atención Primaria [Internet]. 2016;48(10):674–82 Available
from: http://www.sciencedirect.com/science/article/pii/S0212656716302104,
[cited 2017 May 8].

20. Nextcare. Innovation in Integrated Care Services for Chronic Patients,
COMRDI15–1–0016. 2016. http://www.nextcarecat.cat/.Date last updated:
April 01 2019. Date last accessed: Nov 1 2019.

21. Charlson ME, Pompei P, Ales KL, MacKenzie CR. A new method of classifying
prognostic comorbidity in longitudinal studies: development and validation.
J Chronic Dis. 1987;40(5):373–83.

22. Hughes JS, Averill RF, Eisenhandler J, Goldfield NI, Muldoon J, Neff JM, et al.
Clinical risk groups (CRGs). Med Care. 2004 Jan;42(1):81–90.

23. Monterde D, Vela E, Clèries M, García Eroles L, Pérez Sust P. Validez de los
grupos de morbilidad ajustados respecto a los clinical risk groups en el
ámbito de la atención primaria: Atención Primaria; 2018.

24. Charlson M, Charlson RE, Briggs W, Hollenberg J. Can disease management
target patients Most likely to generate high costs? The impact of
comorbidity. J Gen Intern Med. 2007;22(4):464–9.

25. Charlson M, Wells MT, Ullman R, King F, Shmukler C. The Charlson
Comorbidity Index Can Be Used Prospectively to Identify Patients Who Will
Incur High Future Costs. Catapano A, editor. PLoS One. 2014;9(12):e112479.

26. HCUP CCS. Healthcare Cost and Utilization Project (HCUP). Rockville: Agency
for Healthcare Research and Quality; 2017. http://www.hcup-us.ahrq.gov/
toolssoftware/ccs/ccs.jsp. Accessed 4 Feb 2020.

27. HCUP Chronic Condition Indicator. Healthcare Cost and Utilization Project
(HCUP). Rockville: Agency for Healthcare Research and Quality; 2016. http://
www.hcup-us.ahrq.gov/toolssoftware/chronic/chronic.jsp. Accessed 4 Feb
2020.

28. AQuAS Revisió de la dimensió socioeconòmica de la fórmula d’assignació
de recursos de l’atenció primària. November 2016. Agència de Qualitat i
Avaluació Sanitàries de Catalunya (AQuAS). http://observatorisalut.gencat.
cat/web/.content/minisite/observatorisalut/ossc_crisi_salut/Fitxers_crisi/

Revisio_dimensio_socioeconomica_formula_241116.pdf. Accessed 4 Feb
2020.

29. Burnham KP, Anderson DR. Multimodel inference: understanding AIC and
BIC in model selection. Sociol Methods Res. 2004 Nov;33(2):261–304.

30. Zou KH, O’Malley AJ, Mauri L. Receiver-operating characteristic analysis for
evaluating diagnostic tests and predictive models. Circulation. 2007;115(5):
654–7.

31. Starfield B, Weiner J, Mumford L, Steinwachs D. Ambulatory care groups: a
categorization of diagnoses for research and management. Health Serv Res.
1991;26(1):53–74.

32. Alonso-Morán E, Nuño-Solinis R, Onder G, Tonnara G. Multimorbidity in risk
stratification tools to predict negative outcomes in adult population. Eur J
Intern Med. 2015;26(3):182–9.

33. Austin PC, van Walraven C. The mortality risk score and the ADG score. Med
Care. 2011;49(10):940–7.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Monterde et al. BMC Family Practice           (2020) 21:39 Page 9 of 9

http://www.who.int/chp/knowledge/publications/icccglobalreport.pdf
http://www.who.int/chp/knowledge/publications/icccglobalreport.pdf
http://www.ncbi.nlm.nih.gov/pubmed/26034465
http://www.ncbi.nlm.nih.gov/pubmed/27084274
http://www.ncbi.nlm.nih.gov/pubmed/27084274
http://www.sciencedirect.com/science/article/pii/S0212656716302104
http://www.nextcarecat.cat/.Date
http://www.hcup-us.ahrq.gov/toolssoftware/ccs/ccs.jsp
http://www.hcup-us.ahrq.gov/toolssoftware/ccs/ccs.jsp
http://www.hcup-us.ahrq.gov/toolssoftware/chronic/chronic.jsp
http://www.hcup-us.ahrq.gov/toolssoftware/chronic/chronic.jsp
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_crisi_salut/Fitxers_crisi/Revisio_dimensio_socioeconomica_formula_241116.pdf
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_crisi_salut/Fitxers_crisi/Revisio_dimensio_socioeconomica_formula_241116.pdf
http://observatorisalut.gencat.cat/web/.content/minisite/observatorisalut/ossc_crisi_salut/Fitxers_crisi/Revisio_dimensio_socioeconomica_formula_241116.pdf

	Abstract
	Background
	Methods
	Results
	Conclusions

	Background
	Methods
	Data source and study population
	Multimorbidity assessment
	Outcome variables
	Data analysis

	Results
	Discussion
	Main findings
	Contributions beyond the current state of the art
	Strengths and weaknesses of the study
	Implications beyond the current study

	Conclusions
	Supplementary information
	Abbreviations
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

