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Abstract

Objectives: The aim of this study was to develop a new population-based risk stratification tool (Chronic Related Score [CReSc]) for
predicting S5-year mortality and other outcomes.

Study Design and Setting: The score included 31 conditions selected from a list of 65 candidates whose weights were assigned ac-
cording to the Cox model coefficients. The model was built from a sample of 5.4 million National Health Service (NHS) beneficiaries from
the Italian Lombardy Region and applied to the remaining 2.7 million NHS beneficiaries. Predictive performance was assessed by discrim-
ination and calibration. CReSc ability in predicting secondary endpoints (i.e., hospital admissions and health care costs) was investigated.
Finally, the relationship between CReSc and income was considered.

Results: Among individuals aged 50—85 years, CReSc performance showed (1) an area under the receiver operating characteristic
curve of 0.730, (2) an improved reclassification from 44% to 52% with respect to other scores, and (3) a remarkable calibration. A trend
toward increasing rates of all the considered endpoints as CReSc increases was observed. Compared with individuals on low—intermediate
income, NHS beneficiaries on high income showed better CReSc profile.

Conclusion: We developed a risk stratification tool able to predict mortality, costs, and hospital admissions. The application of CReSc
may generate clinically and operationally important effects. © 2019 Elsevier Inc. All rights reserved.
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1. Introduction

The aging population with rising prevalence of chronic
conditions makes unprecedented demands on health care
services [1,2]. Patients with chronic conditions are more
likely to experience hospital admissions for potentially
avoidable causes, resulting in a “triple fail event” of subop-
timal health outcomes, significant health costs, and poor pa-
tient experience [3,4].

Through detecting high-risk individuals who require
more careful care [5], risk stratification models are ex-
pected to improve patient outcomes and provide economic
value to health care [6,7]. This proactive targeting of ser-
vices for people at defined risk has retained prominence
by the Italian Health Ministry since, notably with the
recently adopted national plan of chronicity, efforts to
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What is new?

Key findings

e We developed and validated a population-based
risk stratification tool (Chronic-Related Score)
derived from several sources of health care data,
useful for predicting 5-year mortality and other
outcomes.

e The Chronic-Related Score significantly outper-
formed the Charlson Comorbidity Score and Multi-
source Comorbidity Score in terms of
discriminatory power and net reclassification
improvement. In addition, Chronic-Related Score
showed a remarkable calibration.

What this adds to what was known?

e Our score is the first tool able to combining multi-
ple sources and predicting health outcomes in the
general population.

What is the implication and what should change

now?

e The Chronic-Related Score can represent a useful
tool for risk adjustment in clinical and epidemio-
logical studies.

e The introduction of our risk stratification tool may
generate clinically and operationally important
effects.

introduce integrated care mainly addressed to high-risk in-
dividuals have been recommended (http://www.salute.gov.
it/imgs/C_17_pubblicazioni_2584_allegato.pdf).

In estimating individual risk scores, models typically
include predictors relating to the past use of health care,
diagnoses, and medications [8—14]. However, most of
the available scores have been developed from hospital-
based surveys reviewing inpatients medical records, and
only later they were adapted for risk stratification of
whoever beneficiary of the health system [14—17]. A sim-
ple population-based comorbidity score (i.e., Multisource
Comorbidity Score [MCS]) has been recently validated
by our group in the setting of the Italian National Health
System [18]. Because MCS was developed to be applied
everywhere, only data on inpatient diagnoses and outpa-
tient drug prescriptions were used. However, other health
care utilization data, although not ubiquitously collected,
may contribute to explain relevant clinical and economic
outcomes.

Recognizing such challenges and opportunities, welfare
authority from the Lombardy Region of Italy developed an
“evidence-based” framework involving the building of al-
gorithms able of capturing patients who suffer from 65

chronic diseases and conditions through all the available
health care utilization databases, thus realizing the so-
called Chronic Related Groups (CReG).

Herein, taking advantage from several sources of health
care data routinely collected for National Health Service
(NHS) beneficiaries from Lombardy, we developed and
validated a score based on the CReG list, which we just
called Chronic-Related Score (CReSc). We investigated
the association of the CReSc with 5-year mortality, hospital
admissions, and health care costs. In addition, the relation-
ship between CReSc distribution and household income
was investigated.

2. Methods
2.1. Healthcare utilization data from Lombardy

The data used for the present study were retrieved from
the health care utilization databases of Lombardy, a region
of Italy that accounts for about 16% of its population. All
Italian citizens have equal access to health care services
as part of the NHS. The NHS guarantees partly or entirely
free of charge access to a number of health care services
(the so-called essential levels of assistance) to all Italian cit-
izens. In Lombardy, this has been associated since 1997
with an automated system of health care utilization data-
bases to collect a variety of information, including the (1)
archive of NHS beneficiaries, reporting demographic and
administrative data, other than the dates in which the con-
dition of NHS beneficiary started (because he/she was born
or immigrated) or stopped (because he/she died or
emigrated); (2) hospital discharge database reporting infor-
mation about primary diagnosis, coexisting conditions, and
provided procedures (coded according to [a] the Interna-
tional Classification of Diseases, Ninth Revision, Clinical
Modification, classification system, http://icd9.chrisendres.
com/; and [b] the official Italian diagnosis-related group,
http://www.gazzettaufficiale.it/eli/gu/2010/01/05/3/sg/pdf);
(3) drug prescription database providing information on all
the drugs reimbursed by the NHS (coded according to
the Anatomical Therapeutic Chemical classification sys-
tem, https://www.whocc.no/atc_ddd_index/); (4) outpatient
database, including visits in specialist ambulatories and
diagnostic laboratories accredited from the NHS (coded ac-
cording to the regional outpatients services coding, http://
normativasan.servizirl.it/port/GetNormativaFile?fileName =
13400_prest AMB_da_01%20LUGLIO%202018%20Pubbli
cato.xls); and (5) copayment exception database, including
exception for chronic disease (coded according to the na-
tional exceptions coding, http://www.trovanorme.salute.
gov.it/norme/renderPdf.spring ?seriegu=SG&datagu=18/03/
2017&redaz=17A02015&artp=13&art=1&subart=1&subart1
=10&vers=1&prog=001). Costs associated with the pro-
vided health care services were measured from the NHS
perspective using the amount that the Regional Health Au-
thority reimbursed to health providers.


http://www.salute.gov.it/imgs/C_17_pubblicazioni_2584_allegato.pdf
http://www.salute.gov.it/imgs/C_17_pubblicazioni_2584_allegato.pdf
http://icd9.chrisendres.com/
http://icd9.chrisendres.com/
http://www.gazzettaufficiale.it/eli/gu/2010/01/05/3/sg/pdf
https://www.whocc.no/atc_ddd_index/
http://normativasan.servizirl.it/port/GetNormativaFile?fileName=13400_prest_AMB_da_01%20LUGLIO%202018%20Pubblicato.xls
http://normativasan.servizirl.it/port/GetNormativaFile?fileName=13400_prest_AMB_da_01%20LUGLIO%202018%20Pubblicato.xls
http://normativasan.servizirl.it/port/GetNormativaFile?fileName=13400_prest_AMB_da_01%20LUGLIO%202018%20Pubblicato.xls
http://normativasan.servizirl.it/port/GetNormativaFile?fileName=13400_prest_AMB_da_01%20LUGLIO%202018%20Pubblicato.xls
http://www.trovanorme.salute.gov.it/norme/renderPdf.spring?seriegu=SG&amp;datagu=18/03/2017&amp;redaz=17A02015&amp;artp=13&amp;art=1&amp;subart=1&amp;subart1=10&amp;vers=1&amp;prog=001
http://www.trovanorme.salute.gov.it/norme/renderPdf.spring?seriegu=SG&amp;datagu=18/03/2017&amp;redaz=17A02015&amp;artp=13&amp;art=1&amp;subart=1&amp;subart1=10&amp;vers=1&amp;prog=001
http://www.trovanorme.salute.gov.it/norme/renderPdf.spring?seriegu=SG&amp;datagu=18/03/2017&amp;redaz=17A02015&amp;artp=13&amp;art=1&amp;subart=1&amp;subart1=10&amp;vers=1&amp;prog=001
http://www.trovanorme.salute.gov.it/norme/renderPdf.spring?seriegu=SG&amp;datagu=18/03/2017&amp;redaz=17A02015&amp;artp=13&amp;art=1&amp;subart=1&amp;subart1=10&amp;vers=1&amp;prog=001

64 F. Rea et al. / Journal of Clinical Epidemiology 116 (2019) 62—71

As a unique identification code was used for all data-
bases, their record linkage allowed searching out the com-
plete care pathway of NHS beneficiaries. To preserve
privacy, identification codes were automatically converted
into pseudoanonymized codes, and the inverse process
was prevented by the deletion of the conversion table.

2.2. Score development

A list of 65 chronic conditions (i.e., the CReG list,
which is reported in the Supplementary Table S1) was care-
fully chosen by a regional working group appointed for
identifying those conditions, which mostly affect expendi-
ture of regional health authority. For each of the 65 condi-
tions, an algorithm was developed for capturing patients
who suffer from it through the above-mentioned databases.
With the aim of selecting conditions independently able to
predict 5-year mortality (i.e., the main outcome of interest),
we proceeded as follows.

First, two out of three of the 8.1 million citizens aged
18 years or older who in the year 2013 were beneficiaries
of the Lombardy health system from at least 2 years (i.e.,
almost 5.4 million citizens) was randomly selected to form
the so-called training (derivation) set. These patients were
followed until the earliest date between death and censoring
(emigration or December 31, 2017). Second, the Cox propor-
tional hazard regression model was fitted to compute the haz-
ard ratios estimating the relationship between the selected
covariates and the time of death. Covariates included in the
model were gender, age (at January 1, 2013), and the 65
candidate predictors. The latter entered into the model as
dichotomous variables, with value 1 or O according to
whether the specific condition was or was not recorded at
least once within 2 years before baseline (2011—2012).
Third, the least absolute shrinkage and selection operator
(LASSO) method was applied for selecting the diseases/con-
ditions able to independently predicting 5-year mortality
[19]. LASSO selects variables correlated to the measured
outcome by shrinking coefficients weights, down to zero
for the ones not correlated to outcome. Finally, the coeffi-
cients estimated from the model were used for assigning a
weight at each selected covariate. In particular, a weight
was assigned to each coefficient by multiplying it by 10
and rounding it to the nearest whole number [20]. The
weights thus obtained were then summed to produce a total
aggregate score. To simplify the system, that is, with the aim
of accounting for excessive heterogeneity of the total aggre-
gate score, the latter was categorized by assigning increasing
values of 0, 1, 2, 3, and 4 to the categories of the aggregate
score of 0, 1—10, 11—-20, 21—-30, and >31, respectively.
The so obtained index was denoted CReSc.

2.3. Model performance

Performance of CReSc was explored with respect to
other prognostic scores such as the Charlson Comorbidity

Index (CCI) and the Multisource Comorbidity Score
(MCS). With this aim, the corresponding weights were
applied to the so-called validation set consisting of the ben-
eficiaries of NHS who did not enter into the training set
(i.e., 2.7 million).

Predictive performance was assessed through discrimi-
nation and calibration. Discrimination indicates how well
the model can distinguish individuals with the outcome
from those without the outcome. Two approaches were
used for assessing discrimination: (1) discriminatory
powers were compared by the receiver operating character-
istic (ROC) curves and the corresponding area under the
ROC curves (AUCs) [21]; (2) the net reclassification
improvement (NRI) was calculated for assessing the
“net” number of individuals correctly reclassified using
CReSc over a comparator index (i.e., CCI or MCS) [22].

Calibration ascertains the concordance between the
model’s predictions and observed outcomes, which we
evaluated using a calibration plot. The plot displays pre-
dicted versus observed 5-year survival probabilities for
increasing the predicted risk. Ideally, the plot follows a
45° line, showing that the predicted risks are equal to the
observed outcome frequencies. We assessed the difference
in predicted and observed frequency in the total cohort,
indicating the extent to which predictions are systemati-
cally too high or too low (referred to as calibration-in-
the-large), and the recalibration slope, reflecting the slope
of the calibration plot and ideally equal to 1 [23]. Finally,
the Hosmer—Lemeshow goodness-of-fit test modified by
Yu et al. [24] was used for testing the null hypothesis of
agreement between observed and predicted survival
probabilities.

Other than for the entire sample, performance of CReSc
was calculated according to age (three classes of 18 until
50 years, 51 until 85 years, and 86 years or older) and
gender.

2.4. Secondary outcomes

Secondary analyses were performed for verifying the
CReSc robustness in predicting outcomes other than the cu-
mulative 5-year all-cause mortality. With this aim, cumula-
tive health care costs, rates of hospital admissions, and
cumulative days of hospital stays were calculated along
the CReSc increasing categories for the entire 5-year time
window. Cumulative health care costs were calculated by
means of the Bang & Tsiatis estimator [25], a method that
takes into account censored cost data. Finally, the rates of
hospital admissions and cumulative days of hospital stays,
both expressed as average number every 1,000 person-
years (PY), were considered.

2.5. Exploring the effect of income on the CReSc

Because of the well-known association between income
inequality and health [26] and with the aim to verify
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whether income affects CReSc profiles, data were further
processed as follows.

First, we calculated the individual income from the
household taxable income data (regional tax registry), ac-
cording to the above-reported rules of pseudoanonymiza-
tion. To take into account the household size and
composition, we used the formula that is frequently applied
in income inequalities studies, which consists of dividing
the household income by the square root of the number
of household members [27]. When counting the number
of household members, the first adult of a family was
weighted as 1.0, other adults as 0.7, and children less than
18 years old as 0.5. The equivalent income measures the net
income per year that is available for one person.

Second, we classified NHS beneficiaries according to
their income. Low- and high-income categories were
defined according to 10th and 90th percentiles of equivalent
income distribution, being intermediate-income category
otherwise. Because the income is expected to be related
to age and gender, we used the equivalent income distribu-
tion for each stratum of gender and 5-year intervals of age
for categorizing individuals in low, intermediate, and high
income.

Third, with the aim of assessing whether income cate-
gories affected the CReSc value, the ridit analysis was
used. Ridit transformation is a method based on the
assumption that the ordered categorical variable approxi-
mates an underlying continuous variable [28,29]. In the
present study, within each stratum of gender and 5-year
intervals of age, we ridit transformed the CReSc so to
calculate the mean ridit for NHS beneficiaries on low
and high income with respect to those on intermediate in-
come. Mean ridit measures the probability that a randomly
selected NHS beneficiary among those on low or high in-
come had higher CReSc value than a randomly selected
NHS beneficiary among those on intermediate income
[30—32]. The resulting ridit score represents a probability
that ranges from a minimum of 0 to a maximum of 1,
with a value of 0.5 assigned to the reference category.
For example, whether a trend toward worsening CReSc
as income get worse, then ridit values higher and lower
than 0.5 would be respectively expected among NHS ben-
eficiaries on low and high income. The statistical signifi-
cance of differences in mean ridit was evaluated with a
Z-test.

Finally, since the CReSc score could have different per-
formances according to the income categories (e.g.,
because NHS beneficiaries with low income could have
worse access to services), we took some caution by
comparing the ROC curves, and the corresponding AUCs,
among categories of equivalent income. Of course, overlap-
ping ROC curves and similar AUC values are expected.
Otherwise, we should interpret the ridit values among the
income categories as an effect of the different performance
between the income categories, rather than the income ac-
tion in differentiating the level of chronicity.

3. Results
3.1. Chronic-Related Score

The 31 conditions significantly contributing to the CReSc,
the corresponding codes, jointly with a schematic explana-
tion on how the score must be calculated, are reported in
the supplementary material (Supplementary Table S2).
Almost 30% of NHS beneficiaries had at least a condition
contributing to the CReSc. Table 1 shows that Alzheimer’s
disease, dementia, and heart failure most contributed to the
total aggregate score. As expected, with respect to the other
listed conditions, hypertension, type II diabetes, and no
arrhythmia-induced cardiomyopathy had higher prevalence
rates, whereas dialytic treatment, HIV/AIDS, and acro-
megaly and gigantism had higher per-capita health care cost.
By considering prognosis, prevalence, and costs, in a unique
proxy of disease burden, active neoplasia, heart failure, and
liver cirrhosis showed a higher impact in our setting.

Fig. 1 shows that the worst clinical status expected for
men and elderly with respect to women and young people
was clearly caught through the CReSc, being the preva-
lence of NHS beneficiaries with at least a chronic disease
contributing to the score progressively increased with age
both in women (from 6.6% to 74.6%) and even more in
men (from 7.7% to 79.1%).

3.2. CReSc performance

AUC of CReSc, MCS, and CCI had values of 0.793,
0.761, and 0.623, respectively (Supplementary Fig. SI). It
should be emphasized that because the very large sample
size, AUC and confidence limits practically coincided so
that confidence intervals were not reported. Fig. 2 shows
that our score had good performance among both women
and men belonging to the intermediate age category (50 un-
til 85 years) being the corresponding AUC 0.730 and 0.731.
Conversely, among younger and even more among older
beneficiaries, our score had a poor predictive ability (being
the corresponding AUC 0.687 and 0.570 in women and
0.637 and 0.627 in men). For this reason, further analyses
were performed by excluding NHS beneficiaries younger
than 50 years and those older than 85 years.

Performance analyses using NRI showed that CReSc
significantly improved the net 5-year mortality reclassifica-
tion. In particular, CReSc improved MCS classification of
44% (95% CI 43—45%) both in men and women. Of inter-
est, the improvement mainly concerned sensitivity (25%)
than specificity (18%). As expected, CReSc even more
improved the classification of CCI, being the corresponding
NRI 50% (49—51%) and 52% (51—53%) in men and
women respectively.

Fig. 3 shows that there was a good agreement between
the observed and the predicted survival probabilities, with
values of the calibration-in-the-large close to the ideal
value of 0 (—0.03) and values of the recalibration slopes
close to the ideal value of 1 (1.03). Adequate goodness-
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Table 1. Weights, prevalence, and burden of conditions contributing to the Chronic-Related Score (CReSc)

# Disease/condition” CReSc weight” Prevalence rate (%) Per-capita annual cost (€) Burden ranking®
1 Alzheimer disease 22 0.26 9,026 29
2 Dementia 20 0.17 9,684 23
8 Heart failure 18 1.80 20,345 2
4 Neoplasia, active 14 2.10 20,828 1
5 Parkinson diseases 14 0.40 18,246 6
6 Dialysis 14 0.09 140,824 10
7 Arrhythmic myocardiopathy 11 2.15 14,650 7
8 Liver cirrhosis 10 0.30 27,862 3
9 Respiratory insufficiency/oxygen therapy 10 0.10 21,971 11
10 Hypertension 9 15.47 9,203 18
11 Ischemic cardiopathy 9 2.47 15,078 4
12 Chronic obstructive pulmonary 9 1.86 17,187 5
13 Cerebral vasculopathy 9 1.04 15,430

14 Immune hemolytic anaemias 9 0.01 23,377 28
15 Neoplasia, follow-up 8 1.21 14,746 12
16 Diseases of the nervous system 7 0.10 14,609 21

and the sense organs
17 Cardiomyopathy (no arrhythmia induced) 6 2.67 13,977 13
18 Chronic kidney failure 6 0.75 24,513 8
19 Acromegaly and gigantism 6 0.02 52,394 24
20 Type |l diabetes mellitus 5 5.568 13,659 15
21 Epilepsy 5 0.44 12,395 25
22 Venous vasculopathy 5 0.22 14,927 19
23 Systemic sclerosis 5) 0.06 28,637 17
24 Chronic pancreatitis 5 0.05 25,327 22
25 Myasthenia gravis 5 0.03 18,299 27
26 Arterial vasculopathy 4 0.56 22,986 14
27 Type |l diabetes mellitus, complicated 4 0.40 28,095 16
28 Addison’s diseases 4 0.02 12,909 31
29 HIV positive and full-blown AIDS 3 0.30 54,036 20
30 Chronic hepatitis 1 0.94 18,217 26
31 Valvular cardiopathy 1 0.45 13,862 30
Beneficiaries with at least one - 29.94 -

selected disease/condition

? Disease/condition selected as independent predictor of 5-year mortality.
® Weight calculated by multiplying by 10 the specific coefficient of the survival model and rounding it to the nearest whole number.
¢ Ranking obtained by multiplying ranking of CReSc weight, ranking of prevalence rate, and ranking of per-capita annual cost of each selected

disease/condition.

of-fit was also confirmed by the modified
Hosmer—Lemeshow test, according to which the null hy-
pothesis of agreement between observed and predicted fre-
quencies could not be rejected either in women or in men.

3.3. CReSc predictability

A clear positive trend toward increasing rates of all the
considered outcomes as CReSc increases was observed
(Fig. 4). In particular, with respect to NHS beneficiaries
with the lowest score (CReSc = 0), those on the highest
score (CReSc = 4) had 1-year risk of death, 5-year risk

of death, 5-year health care costs, rate of hospital admis-
sions, and rate of cumulative hospital stay, respectively,
36-fold (from 0.43% to 15.5%), 15-fold (from 3.43% to
52.6.21%), 6-fold (from €4,236 to €26,882), 9-fold (from
113 to 761 hospital admissions every 1,000 PY), and 7-fold
(from 849 to 8,839 days of stay every 1,000 PY) higher.

3.4. CReSc and income relationship

AUC for NHS beneficiaries with low, intermediate, and
high income had values of 0.726, 0.723, and 0.727, respec-
tively (Fig. 5, left box). Starting from the age category of
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Fig. 1. Chronic-Related Score (CReSc) distribution among National Health Services beneficiaries of Lombardy, Italy, according to their gender and

age category.

61—65 years, a trend toward ameliorating CReSc profile
with income category augmenting was observed both in
women and in men (Fig. 5, right boxes). Compared with in-
dividuals on low-intermediate income, NHS beneficiaries
on the highest income always showed better CReSc profile
irrespectively from age and gender.

4. Discussion

Our study shows that a score based on health care utili-
zation data currently used for managing NHS from Italian
Lombardy health authority is able to stratify NHS benefi-
ciaries according to their short-term (1-year) and long-
term (5-year) outcomes such as mortality, health care costs,
and hospital admissions. Our score significantly improved
discriminatory power and net reclassification of the CCI,

Women

True positive rate (sensitivity)

0.0 0.2 0.4 0.6 0.8 1.0
False positive rate (1-specificity)
Age 1849 = = - 50-85 wereen >86

undoubtedly the most worldwide used comorbidity score
[15]. In addition, because our score used much more infor-
mation than the MCS, CReSc outperformed the previous
population-based comorbidity score validated by our group
in which only data on inpatient diagnoses and outpatient
drug prescriptions were used [18]. Compared with MCS,
and even more CCI, CReSc showed better ability to iden-
tify NHS beneficiaries at higher risk (so allowing better
identification of patients who need medical care), and even
more to exclude those at low risk of experiencing adverse
outcomes. It follows that CReSc may be useful to epidemi-
ologists, clinicians, and policy-makers who now have a tool
for risk adjustment, management, and stratification charac-
terized by improved performances with respect to the avail-
able scores.

Our study provides the following additional results.
First, among the 31 conditions considered, Alzheimer’s
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Fig. 2. Receiver Operating Characteristics curves comparing discriminant power of Chronic-Related Score according to age strata and gender in
predicting 5-year mortality among National Health Services beneficiaries of Lombardy, Italy.
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disease, dementia, and heart failure most contributed to the
total aggregate score. Of interest, our data confirmed that
in our setting, most persons live with hypertension and/
or type II diabetes (roughly one in five NHS beneficiaries
live with one or both the conditions), and that dialytic
treatment and positivity to HIV and full-blown AIDS had

high financial burden (being health care costs associated
with these conditions €140,000 and €54,000, respec-
tively). By including prognostic weight, prevalence, and
costs in a unique proxy of disease burden, active neoplasia,
heart failure, and liver cirrhosis showed a higher impact in
our population.
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Fig. 4. Five-year cumulative mortality and health care costs and rates of hospital admission and days of hospital stay, according to the Chronic-

Related Score distribution among NHS beneficiaries of Lombardy, Italy.
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Second, CReSc showed good performance in predicting
5-year mortality among men and women aged between 50
and 85 years, whereas it failed in NHS beneficiaries
younger than 50 years and in those older than 85 years. It
is not surprising that the few individuals aged 50 years or
younger who suffered from chronic diseases mainly experi-
enced death in later life, so the model had poor perfor-
mance in this age group [33]. On the other hand, the
almost total absence of prognostic score specifically devel-
oped to predict mortality and other outcomes in elderly
people is even not surprising [34], given that almost all peo-
ple aged 85 years or over suffer from chronic diseases.

Third, consistently with the reported socioeconomic
health inequality [35], even observed in countries with uni-
versal access to essential health care services such as Italy
[36], we observed worse CReSc among NHS beneficiaries
who have the lowest income. As low health care accessibility
is expected among the most disadvantaged social class, it
may be speculated CReSc worse capture health needs among
beneficiaries with low socioeconomic status. However, we
found impressive stability of CReSc in predicting mortality
regardless of the income. This suggests that, at least among
NHS beneficiaries of intermediate age, our score reflects co-
morbidities of the population covered by the NHS, rather
than the accessibility to health care services. By accepting
this hypothesis, the observed worse health status associated

with low and low-to-mild income may aid the identification
of vulnerable subgroups who may benefit from tailored
health education and management [37,38].

The present study has several strengths. First, because in
Italy a public-funded health care system involves virtually
all citizens, our sample included all the NHS beneficiaries
thus resulting for an unselected population (i.e., ours is a
population-based investigation) and very large sample size.
Second, CReSc was validated and tested on a random sam-
ple of almost 3 million of NHS beneficiaries, a sample so
large that random uncertainty slightly affected our esti-
mates. Third, we avoided the selection of comorbidities
based on the opinion of experts [39,40] and prevalence data
[41,42]. Finally, as the selected diseases were detected
through the use of health services, our data overcome the
artificial positive socioeconomic inequalities in chronic dis-
ease prevalence when using self-reports [43].

Potential limitations must take into account for interpret-
ing or findings. First, our scoring system did not capture
health services supplied by private providers. However,
due to the universal coverage for essential healthcare, it is
unlikely that diseases strongly affecting mortality may
escape from the Italian NHS. Second, misdiagnosis (often
due to poor accuracy in reporting diagnoses and comorbid-
ities [44]) and upcoding (sometimes in pursuit of higher re-
imbursements [45]) in hospital records might have generated
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too conservative estimates of CReSc performance. However,
because diagnostic errors alike affect the compared
diagnosis-based comorbidity scores, this issue does not
question our main result that CReSc had better performance
than both CCI and MCS. Third, since the included outcomes
can be considered proxies of the quality of care (i.e., unsuc-
cessful discharge processes or inadequate social care [46] in-
fluence mortality and hospital readmissions), our scoring
system might not be generalizable to other settings of Italy.
Fourth, Lombardy has a long tradition in the management
of several health care databases. However, data on outpatient
services (including visits and diagnostic tests respectively
performed in specialist ambulatories and laboratories ac-
credited by the NHS), payment exemptions, drugs directly
administered in the inpatient setting, and emergency room
visits are not yet available in several Italian regions. Fifth,
generalizability may also be limited by the split approach
used in our study since randomly splitting the whole dataset
into a training, and a validation set raised concerns from
some authors [47]. External validations in other settings
(e.g., other Italian regions, countries outside Italy, and
different calendar times) should be carried out for ensuring
external validity of CReSc. Finally, we must be aware that
CReSc may not apply to every relevant outcome and cannot
really predict the individual conditions in increasing pa-
tients’ relative risk of death. For example, our score cannot
take into account (1) the conditions that do not affect 5-
year mortality, if nor marginally (e.g., type I and type II dia-
betes), (2) NHS beneficiaries suffering a given condition
who did not leave ““footprints” of routine medical care able
to detect that condition (e.g., untreated hypertension) or who
mostly escape capture with administrative data (e.g., chronic
obstructive pulmonary disease), and (3) patients who did not
survive at least 2 years after the onset of an acute condition
(e.g., fatal myocardial infarction).

In summary, we developed and validated a prognostic
score derived from data usually used for health system
management of Lombardy, useful for predicting short-
term and long-term mortality, hospitalization, and health
costs of each individual NHS beneficiary. CReSc can repre-
sent a useful tool for epidemiologists (who need an instru-
ment for risk adjustment in clinical and epidemiological
studies), clinicians (who need detecting and managing frail
patients in everyday medical practice), and policy-makers
(who need assessing health system performance and health
policy planning). In particular, we expect that the introduc-
tion of the CReSc risk stratification tool, jointly of mone-
tary incentive for services agreeing with proactive
management of high-risk patients, may generate clinically
and operationally important effects.
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