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ABSTRACT

Objective To develop and validate a novel comorbidity
score (multisource comorbidity score (MCS)) predictive of
mortality, hospital admissions and healthcare costs using
multiple source information from the administrative Italian
National Health System (NHS) databases.

Methods An index of 34 variables (measured from inpatient
diagnoses and outpatient drug prescriptions within 2 years
before baseline) independently predicting 1-year mortality
in a sample of 500000 individuals aged 50 years or older
randomly selected from the NHS beneficiaries of the Italian
region of Lombardy (training set) was developed. The
corresponding weights were assigned from the regression
coefficients of a Weibull survival model. MCS performance
was evaluated by using an internal (ie, another sample of 500
000 NHS beneficiaries from Lombardy) and three external
(each consisting of 500 000 NHS beneficiaries from Emilia-
Romagna, Lazio and Sicily) validation sets. Discriminant
power and net reclassification improvement were used to
compare MCS performance with that of other comorbidity
scores. MCS ability to predict secondary health outcomes (e,
hospital admissions and costs) was also investigated.
Results Primary and secondary outcomes progressively
increased with increasing MCS value. MCS improved the
net 1-year mortality reclassification from 27% (with respect
to the Chronic Disease Score) to 69% (with respect to the
Elixhauser Index). MCS discrimination performance was
similar in the four regions of Italy we tested, the area under
the receiver operating characteristic curves (95% Cl) being
0.78 (0.77 t0 0.79) in Lombardy, 0.78 (0.77 t0 0.79) in
Emilia-Romagna, 0.77 (0.76 to 0.78) in Lazio and 0.78 (0.77
t0 0.79) in Sicily.

Conclusion MCS seems better than conventional scores
for predicting health outcomes, at least in the general
population from Italy. This may offer an improved tool for
risk adjustment, policy planning and identifying patients
in need of a focused treatment approach in the everyday
medical practice.

INTRODUCTION
Comorbidity has been defined as the total
burden of illnesses unrelated to the patient’s

Strengths and limitations of this study

» The multisource comorbidity score (MCS) combines
data from administrative health sources currently
available in all Italian regions into a tool able to
measure comorbidity, and to predict 1-year mortality,
and even other adverse outcomes.

» The study was based on a very large unselected
population, which was made possible because in
Italy a public-funded healthcare system involves
virtually all citizens.

» MCS was both internally and externally validated,
and tested on 2million of individuals, a sample
very large and representative of the whole Italian
population.

» Data on outpatient services, education, functional
status, caregiver availability and markers of social
instability were not included in the prediction model.

principal diagnosis." Ideally, in any given indi-
vidual, assessment of comorbidity should be
based on complete information on his/her
clinical and demographic profile. However,
this is so time consuming and costly that for
large populations attention has been directed
to measures that make use of data available
via computerised information systems.”
The Charlson Comorbidity Score’ and the
Chronic Disease Score (CDS),! that is, two
popular indices respectively based on diag-
nostic coding system and prescribed medica-
tions, are extensively used comorbidity scores
based on available computerised data.”

Most diagnosis-based comorbidity scores
have been developed from hospital-based
surveys reviewing inpatients’ medical records,
and only later they were adapted for use with
population-based  administrative ~ data.*"?
Conversely, few instruments have been devel-
oped from administrative data,'* without
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however providing a weighting system for scoring comor-
bidity indices.” As sick people are likely to receive phar-
macotherapy and because the number of prescribed
drugs has been shown to increase with the number of
chronic disease Conditions,15 medication-based scores
offer an alternative tool for measuring comorbidities."®
However, convincing evidence suggesting the superiority
of an approach (eg, of medication-based towards diag-
nosis-based comorbidity scoring) in predicting health
outcomes is not currently available.” "~

Our population-based study was performed under
the auspices of the Italian Health Ministry. We aimed to
develop and validate a novel comorbidity score predic-
tive of mortality, hospital admissions and healthcare costs
using multiple source information from the administra-
tive Italian National Health System (NHS) databases.

METHODS

All Italian citizens have equal access to healthcare services
as part of the NHS. Computerised information systems of
healthcare utilisation databases have been created within
each of the 21 Italian regions to collect a variety of infor-
mation, at least including: (1) demographic and admin-
istrative data of residents who receive NHS assistance;
(2) hospital discharge records reporting information on
primary diagnosis, up to five coexisting conditions and
procedures coded according to the International Classi-
fication of Diseases, 9th Revision (ICD-9) Clinical Modi-
fication classification system (http://icd9.chrisendres.
com/); (3) drug prescriptions reimbursed by the NHS
coded according to the Anatomical Therapeutic Chem-
ical (ATC) classification system (https://www.whocc.no/
atc_ddd_index/). Record linkage between databases was
performed within each region by means of the identifica-
tion (ID) code assigned to each NHS beneficiary. In order
to preserve the privacy of the beneficiaries, ID codes were
deidentified, and the conversion table was deleted.

The Ethical Committee of the University of Mila-
no-Bicocca evaluated the protocol and decided that
the study (1) was exempt from informed consent,
and (2) provided sufficient guarantees of individual
records’ deidentification.

The healthcare utilisation data were used for empirically
developing a risk prediction model using the methods
described by May et al,** Royston et al’' and Riley et al.**

Candidate predictors

Starting from the lists included under the Charlson, Elix-
hauser and Chronic Disease Scores (respectively denoted
CCI, EI and CDS), we developed a list of 46 diseases and
conditions classified as infectious and parasitic diseases
(2), neoplasms (4), endocrine, nutritional and metabolic
diseases, and immunity disorders (6), diseases of the blood
and blood-forming organs (2), mental disorders (7),
diseases of the nervous (5), circulatory (9), respiratory
(2), digestive (3), genitourinary (3) systems, diseases of
the musculoskeletal system and connective tissue (1), and

other conditions (2). Of the 46 included conditions, 18
were traced from inpatient diagnostic codes only, 6 from
outpatients prescribed drugs only, and the remaining 22
from both, diagnostic and therapeutic codes, depending
on availability of specific diagnostic codes and drug ther-
apies supplied free of charge from the Italian NHS. Two
of us (FR and GM) independently chose ICD-9 and ATC
codes capturing individuals who experienced each of the
46 included conditions. Discrepancies were resolved in
conference.

The entire list of candidate predictors, and the corre-
sponding codes, are reported in the online supplemen-
tary table SI.

Score development

With the aim of selecting conditions independently
able to predict l-year mortality (ie, the main outcome
of interest), we proceeded as follows. First, a training
(derivation) set of 500000 individuals was randomly
selected from individuals who in 2008 were: (1) aged 50
years or older, (2) NHS beneficiaries, and (3) resident in
Lombardy from at least 2years. Data were retrieved from
the databases of Lombardy, a region of Italy that accounts
for about 16% of its population, being almost 4million
those aged 50 years or more. Second, the relationship
between the selected covariates and the time to death was
investigated by fitting parametric survival models based
on the Weibull distribution. Covariates included into the
model were gender, age (in 1 January 2008), and the 46
above reported diseases or conditions which were made
available, respectively, by patient hospitalisations and
outpatient prescriptions in the years 2006 and 2007. These
data entered as dichotomous variables into the model,
with value 0 or 1 according to whether the specific condi-
tion was not or was recorded at least once within 2years
prior to baseline (2006-2007). Third, the least absolute
shrinkage and selection operator (LASSO) method
was applied for selecting the diseases/conditionsable
to predict l-year mortality.” LASSO selects variables
correlated to the measured outcome by shrinking coef-
ficient weights, down to zero for the ones not correlated
to outcome. Finally, the coefficients estimated from the
model were used for assigning a score at each selected
covariate. In particular, the coefficients were converted
into scores by multiplying them by 10 and rounding them
to the nearest whole number,** which were sequentially
summed to produce a total aggregate score. To simplify
the system, that is, with the aim of accounting for exces-
sive heterogeneity of the total aggregate score, the latter
was categorised by assigning increasing values of 0, 1, 2, 3
and 4 to the categories of the aggregate score of 0-4, 5-9,
10-14, 15-19 and 220, respectively. The index so obtained
was termed multisource comorbidity score (MCS).

Model validation

Internal and external validity of MCS was investigated by
applying the score developed from individuals belonging
to the training set, to several validation sets. These latter
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were selected by applying the same inclusion/exclusion
criteria of the training set.

The following two-stage validation procedure was
applied. First, the MCS performance was explored
with respect to other prognostic scores by applying the
current multisource comorbidity, the CCI, the EI and the
CDS, to an internal validation set of 500 000 NHS bene-
ficiaries from Lombardy. Two approaches were used with
this aim. One, the discriminatory power was assessed by
constructing the receiver operating characteristic (ROC)
curve and calculating the area under the ROC curves
(AUC). Two, the net reclassification improvement (NRI)
was calculated to assess the improvement of risk classifi-
cation of MCS with respect to CCI, EI and CDS.* The
NRI measures the net proportion of subjects correctly
reclassified by MCS by evaluating the predicted proba-
bility among those who experienced and those who did
not experience the outcome.

Second, three external validation sets, each consisting of
500 000 NHS beneficiaries, were selected from a Northern
(Emilia-Romagna), Central (Lazio) or Southern (Sicily)
Italian region and considered jointly with the internal
validation set. The total population of these regions
amounts to about 21.4 million NHS beneficiaries, that is,
more than one-third of the Italian population (35.3%).
Due to the heterogeneity of data availability, different
periods had to be considered for different regions, thatis,
2008 for Lombardy, 2010 for Emilia-Romagna and Lazio,
and 2013 for Sicily. Between-regions consistence of MCS
performance was tested by comparing AUC estimates and
Kaplan-Meier 1l-year survival probabilities stratified by
MCS.

Sensitivity analysis and secondary outcomes
Because of the arbitrary nature of score categorisation
(see the above reported description of the score devel-
opment), in a secondary analysis we verified the MCS
robustness in predicting l-year mortality by comparing
the probability of survival (Kaplan-Meier curves) of the
internal validation sample as stratified according to MCS
categories alternative to that used in the main analysis.
Further analyses were performed for evaluating
whether MCS may predict other secondary outcomes
including: (1) the 5-year all-cause mortality; (2) the 1-year
and b-year hospital admissions for all causes; and (3) the
2-year hospital costs measured from the perspective of the
Italian NHS. Secondary outcomes were referred to 1000
person-years and calculated along the categories of MCS
within the internal validation set.

RESULTS

MCS score

Factors which mostly contributed to the total aggregate
score were metastatic cancer, alcohol abuse, cancer
without metastasis and tuberculosis, while arrhythmia,
obesity and hypothyroidism provided small, although
significant, contributions (table 1).

Table 1 Assignment of weights in building the multisource
comorbidity score (MCS) through a time-to-death
multivariate Weibull model

Regression
Disease/condition coefficient (SE) Weight
Metastatic cancer 1.63 (0.04) 18
Alcohol abuse 0.99 (0.16) 11
Cancer, without metastasis 0.91 (0.03) 10
Tuberculosis 0.88 (0.28) 10
Psychoses 0.77 (0.05) 8
Liver disease 0.72 (0.05) 8
Anxiety medication 0.52 (0.23) 6
Weight loss 0.51(0.12) 6
Dementia 0.51 (0.06) 6
Malignancy medication 0.49 (0.05) 5
Parkinson's disease 0.49 (0.09) 5
Lymphoma 0.46 (0.08) 5
Hemiplegia and hemiparesis  0.46 (0.09) 5
Coagulation defects 0.43 (0.10) 5
Disorders of fluid, electrolyte  0.40 (0.06) 4
and acid-base balance
Kidney diseases 0.39 (0.04) 4
Kidney dialysis 0.36 (0.17) 4
Heart failure 0.35(0.02) 4
Other neurological diseases  0.32 (0.07) 3
Rheumatoid arthritis 0.27 (0.11) 3
Anaemias 0.26 (0.04) 6
Cerebrovascular diseases 0.25 (0.03) 3
Diabetes 0.20 (0.02) 2
Vascular diseases 0.20 (0.05) 2
Gout 0.18 (0.03) 2
Epilepsy 0.18 (0.03) 2
Chronic pulmonary diseases  0.16 (0.02) 2
Peptic ulcer 0.16 (0.02) 2
Acute myocardial infarction 0.11 (0.04) 1
Coronary and peripheral 0.11 (0.02) 1
vascular disease
Valvular diseases 0.10 (0.06) 1
Arrhythmia 0.09 (0.02) 1
Obesity 0.08 (0.10) 1
Hypothyroidism 0.07 (0.09) 1

Overall, 86.4% and 1.2% of NHS beneficiaries respec-
tively had the lowest (0) and the highest (4) MCS value.
The less favourable prognosis of men and elderly people
with respect to women and young people was caught by
the novel prognostic score. The prevalence of NHS benefi-
ciaries belonging to the lowest MCS category progressively
decreased with the increasing categories of age from 94%
to 64% in men and from 95% to 72% in women (figure 1).
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Figure 1

according to their gender and age category.

MCS compared with other comorbidity scores
The AUC values (95% CI) of MCS, CCI, EI and CDS were
0.78 (0.77 t0 0.79), 0.69 (0.68 to 0.70), 0.65 (0.64 to 0.66)
and 0.69 (0.68 to 0.70), respectively (figure 2).
Performance analyses using NRI showed that MCS
significantly improved the net 1-year mortality reclassifi-
cation by all other scores, the magnitude of the improve-
ment being 38.8% (95% CI 36.9 to 40.7; P<0.0001) when
compared with the CCI, 68.8% (95% CI 66.8 to 70.7;
P<0.0001) when compared with the EI and 27.2% (95%

True positive rate (sensitivity)

0 20 40 60 80 100
False positive rate (1-specificity)

Figure 2 Receiver operating characteristic (ROC) curves
comparing discriminant power of multisource comorbidity
score (MCS), Charlson Comorbidity Index (CClI), Elixhauser
Index (El) and Chronic Disease Score (CDS) in predicting
1-year survival among National Health System (NHS)
beneficiaries (internal validation set).
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Multisource comorbidity score distribution among National Health System (NHS) beneficiaries (internal validation set)

CI 25.3 to 29.1; P<0.001) when compared with the CDS.
With respect to the CDS (the medication-based score),
MCS improved by 17% the sensitivity of the correct
reclassification of individuals who experienced the
outcome (the deceased ones), whereas with respect to
CCI and EI (ie, the diagnosis-based scores), it improved
the correct reclassification of individuals who did not
experience the outcome (the survivors) by 37% and
67%, respectively.

MCS model performance across Italian regions

The AUC values (95% CI) of MCS showed superimpos-
able values in the four regions, thatis, 0.78 (0.77 to 0.79),
0.78 (0.77 to0 0.79), 0.77 (0.76 to 0.78) and 0.78 (0.77 to
0.79) in Lombardy, Emilia-Romagna, Lazio and Sicily,
respectively (figure 3). In addition, in all four regions
there was a progressively reduction of l-year survival as
MCS increased (figure 4).

Sensitivity analyses and other secondary outcomes

A reduced l-year survival with increasing MCS values
was observed also when alternative criteria for cate-
gorising the MCS were employed (online supplemen-
tary figure S1). This was the case also when secondary
outcomes, rather the l-year mortality, were considered
(figure 5), the NHS beneficiaries with the highest MCS
score (MCS=4) exhibiting 5-year mortality rates, 1-year
and b-year hospital admission rates and 2-year hospital
costs, respectively, ninefold, eightfold, sixfold and eight-
fold higher than NHS beneficiaries with the lowest MCS
score (MCS=0).
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Figure 3 Receiver operating characteristic (ROC) curves
comparing discriminant power of multisource comorbidity
score (MCS) in predicting 1-year survival in four Italian
regions (internal and external validation sets).

DISCUSSION
Our study shows that a simple score based on hospital
diagnoses and drug prescriptions derived from current
administrative data is able to stratify beneficiaries of Italian
NHS according to their l-year risk of death. It further
shows that this score significantly improves the discrim-
inatory power and net reclassification of commonly used
prognostic scores, such as the CCI, the EI and the CDS. It
finally shows that the score performance: (1) was compa-
rable in northern, central and southern Italian general
populations; and (2) was similarly valid for predicting
long-term mortality, short-term and long-term number of
hospital admissions, and 2-year cost of hospitalisations as
calculated from the NHS perspective.

Although MCS was derived from the entire list of 46
diseases and conditions already used for developing CCI,

Lombardy
100 -

90 -

80

B W N = O

70 T T T
0 3 6 9 12

Months since baseline

Cumulative probability of surviving (%)

Lazio

AW N = O

70

Cumulative probability of surviving (%)

0 3 6 9 12
Months since baseline

EI and CDS, our score used more information than any
of the previously validated comorbidity scores. In general,
our MCS identified more individuals at higher risk of
experiencing clinical outcomes than the CDS, another
comorbidity score that integrates information about
medications into its scoring. The MCS also was able to
exclude more individuals at low risk of adverse outcomes
than the other diagnosis-based comorbidity scores.

The present study has several strengths. First, although
previous studies already identified predictors of mortality
and other health outcomes,5 to our knowledge MCS is
the first combining inpatient diagnoses and outpatient
drug prescriptions to stratify NHS beneficiaries according
to comorbidities related to relevant clinical outcomes.
Second, our study was based on a very large unselected
population, which was made possible because in Italy a
public-funded healthcare system involves virtually all citi-
zens. Third, MCS was validated and tested on 2million of
NHS beneficiaries, a sample very large and representative
of the entire Italian population. Fourth, because pharma-
cists are required to report drug prescriptions in detail
in order to obtain reimbursement, and incorrect reports
about the dispensed drugs have legal consequences the
drug prescription database provided highly accurate
data.®® Finally, we avoided the selection of comorbid-
ities based on opinion of experts27 * and prevalence
data 2220 %0 Moreover, with the aim of overcoming the
limitation of conventional stepwise selection when several
predictors must be analysed,” * the LASSO model has
been adopted. By shrinking variables with very unstable
estimates towards zero, the LASSO model can effectively
exclude some irrelevant variables generating sparse
estimations.™

Several potential limitations must also be taken into
account. First, predictors are restricted to those routinely

Emilia-Romagna
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Figure 4 One-year Kaplan-Meier survival curves according to the value of the multisource comorbidity score (MCS) in four

Italian regions (internal and external validation sets).
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Figure 5 Five-year mortality, and hospital admissions and hospital cost annual rates according to the value of the multisource
comorbidity score (MCS) of National Health System (NHS) beneficiaries (internal validation set). PY, person-years.

collected in all regions of Italy. This means that some data
potentially relevant to clinical outcomes and healthcare
costs such as outpatient services (including visits and
diagnostic tests performed by specialised physicians and
laboratories accredited by the NHS, payment exemptions,
drugs directly delivered to inpatients and emergency
room visits) were not considered because they were not
ubiquitously available. Furthermore, the administrative
databases did not contain information on the educational
level, the functional patient’s status, the caregiver avail-
ability and the markers of social instability, which have
been shown to have a predictive value for the outcomes
explored in our study.”* This emphasises the interest of
future research on additional predictors, and implies that
there is potential for scores that predicts outcomes even
more accurately than ours.

Second, our scoring system did not capture health
services supplied from private providers. For example, the
lack of evidence that depression predicts comorbidity-re-
lated outcomes might be due to our inability to capture
patients who are not treated from public mental health
services. However, given that the Italian NHS covers
entirely essential healthcare needs, it is unlikely that
diseases strongly affecting mortality escape its databases.

Third, misdiagnosis (due to poor accuracy in reporting
diagnoses and comorbidities®) and upcoding (in pursuit
of higher reimbursements®®) of hospital records might
have generated a conservative estimate of MCS perfor-
mance. However, these diagnostic errors would affect
similarly all diagnosis-based comorbidity scores, thereby
failing to question our main result, that is, that MCS had

a better performance than both the Charlson and Elix-
hauser scores.

Fourth, since outcomes are markedly influenced by the
nature and quality of the healthcare system,”” our scoring
system might perform differently in countries other
than Italy, which means that its applicability elsewhere in
Europe will have to be tested. In this context, however,
it is important to emphasise that the MCS performance
showed an impressive stability throughout Italian regions
where important differences in quality of, and accessibility
to, healthcare services have been reported.38 This suggests
that its predictive value for mortality and other outcomes
of medical relevance may persist under different settings.

Finally, we must be aware that the MCS may not apply
to every relevant outcome and quantify the role of all
conditions that may increase patients’ risk of death. For
example, our score cannot take into account of: (1)
conditions that do not affect 1-year mortality; (2) NHS
beneficiaries suffering a given condition who did not
leave ‘footprints’ of routine medical care able to detect
that condition (eg, untreated hypertensions); and (3)
patients who did not survive at least 2years after the onset
of an acute condition (eg, fatal myocardial infarction).

CONCLUSIONS

In summary, we developed and validated a simple multi-
source prognostic score derived from data usually used
for health system management, useful for predicting
short-term and long-term risk of death, hospitalisation
and high health costs of each individual NHS beneficiary.
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5.

MCS can represent a useful tool for risk adjustment in
clinical and epidemiological studies, for assessing and
health system performance and health policy planning, as
well as an instrument for the identification of patients in
need of a focused approach in everyday medical practice.
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