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Abstract

Aims: To develop and to validate a Cancer Multimorbidity Score (CMS) predic-
tive of mortality in elderly patients affected by solid tumor, by using population-
based administrative Italian databases.

Methods: Through administrative databases of Lombardy Region (Northern
Italy), a cohort of patients aged >65 years with a new diagnosis of solid tumor dur-
ing the period 2009-2014 was identified. Sixty-one conditions and diseases, mea-
sured from hospital inpatient diagnosis and outpatient drug prescription within
2 years before cancer diagnosis in a training set randomly including 70% of the
cohort patients were tested to predict 5-year mortality using a Cox regression
model. Regression coefficients were used for assigning a weight to the predictive
conditions, selected by the LASSO method. Weights were summed up in order
to produce an aggregate score (the CMS). CMS performance was evaluated on
a validation set, including the remaining 30% of the cohort patients, in terms of
discrimination and calibration.

Results: The study cohort included 148,242 cancer patients. Thirty conditions
were selected as independent predictors of 5-year mortality and were included in
the computation of the CMS. The area under the receiving operating characteris-
tics curve was 0.68, becoming 0.71 when considering 1-year mortality as outcome
and reaching values of 0.74 and 0.81 when focusing on patients with breast and
prostate cancer, respectively. A strong increasing trend in mortality was observed
with increasing CMS value.

Conclusions: CMS represents a new useful tool for identifying high-risk elderly
cancer patients in everyday clinical practice, as well as for risk adjustment in
clinical and epidemiological studies.
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1 | INTRODUCTION

Most chronic diseases are more common among the
elderly adults; therefore, both the number of morbidities
and the prevalence of people with multimorbidity increase
substantially with age.! A large cross-sectional study con-
ducted in Scotland showed that about 80% of individuals
aged 65 years or older had at least one chronic condition,
and about 60% had concomitant morbidities. In particular,
cancer patients were likely to have comorbidities, includ-
ing coronary heart disease, diabetes, chronic obstruc-
tive pulmonary disease, chronic pain, depression, and
anxiety.! Consistently, data from Medicare beneficiaries
in the United States showed that, among cancer patients
aged 65 years or over, about 40% had at least one, and 15%
had two or more chronic conditions, including mainly car-
diovascular illness, obesity and metabolic illness, mental
health problems, and musculoskeletal conditions.? In can-
cer patients, comorbidities may affect clinical outcomes by
impacting on timing of cancer diagnosis, treatment choice,
effectiveness and toxicity, quality of life and overall sur-
vival. The adverse impact on survival tends to increase with
increasing severity of comorbidities.”

Several prognostic factors are currently used in order
to predict survival in cancer patients. The modified Glas-
gow Prognostic Score (GPS), which combines C-reactive
protein and albumin concentrations, has been shown to
be associated with survival in patients with a variety of
operable and inoperable cancers.® The Eastern Coopera-
tive Oncology Group (ECOG) performance status* and the
Karnofsky performance status’ assess the functional status
of a patient in terms of ability to care for themselves, daily
activity, and physical ability, and both are predictive factors
of survival of cancer patients. However, prognostic scores
specifically based on comorbidities of cancer patients are
lacking.

The purpose of this study is of developing and vali-
dating a cancer multimorbidity score (CMS) predictive of
mortality in elderly patients with solid tumor, by using
population-based administrative databases of Italy.

2 | METHODS

2.1 | Data sources

Administrative databases of Lombardy Region, a North-
ern Italy region accounting for more than 10 million
inhabitants, were used. In Lombardy, management of the
National Health Service (NHS) has been associated since
1997 with an automated system of databases to collect
health information such as (i) demographic and adminis-
trative data on NHS beneficiaries, including information

on the date of entry (birth or immigration) and exit (death
or emigration) during the entire time period available;
(ii) 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, Clinical Modification
(ICD-9-CM) classification system; (iii) drug prescriptions
reimbursed by the NHS coded according to the anatomical
therapeutic chemical (ATC) classification system. Record
linkage between databases is performed by means of an
identification code assigned to each NHS beneficiary. In
order to preserve the privacy of the beneficiaries, identifi-
cation codes were de-identified, and the conversion table
was deleted.

2.2 | Cohort selection

The target population included all beneficiaries of the
Lombardy Regional Health Service between 2007 and
2014 (almost 10 million individuals). Those with a hospital
admission with a diagnostic code of solid tumor (ICD-
9-CM codes 140-195, excluding 173, non-melanoma skin
cancer) during the period 2009-2014 were identified, and
the first hospital admission for cancer was labelled “index
hospitalization.” Among these, we excluded those (i)
beneficiaries of the NHS for less than 5 years before index
hospitalization, (ii) with a diagnostic code of cancer (ICD-
9-CM codes 140-208) or antineoplastic treatment (ATC
codes L01) in the 5 years prior to the index hospitalization
(i.e. for excluding prevalent cancer cases and multiple can-
cers), (iii) aged less than 65 years at index hospitalization,
(iv) with evidence of metastasis (ICD-9-CM codes 196-198,
199.0) at index hospitalization or within the subsequent
six months, (v) who died during index hospitalization.

2.3 | Candidate predictors

The list of candidate predictors of mortality were selected
starting from those included in common prognostic
comorbidities scores, including the Charlson Comorbidity
Index,® the Chronic Disease Score,” and the more recent
Multisource Comorbidity Score® and Chronic Related
Score,’ the latter two being developed from Italian admin-
istrative databases. The list comprised 61 conditions
and diseases, including infectious and parasitic disease
(n = 1), endocrine, nutritional and metabolic diseases,
and immune-related disorders (n = 11), diseases of the
blood and and hematopoietic organs (n = 3), mental dis-
orders (n = 8), diseases of the nervous (n = 6), circulatory
(n = 10), respiratory (n = 6), digestive (n = 4), genitouri-
nary (n = 3) systems, disease of the skin and subcutaneous
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tissues (n = 2), diseases of the musculoskeletal system and
connective tissue (n = 2), and other conditions (n = 5). Of
the 61 included conditions, 24 were traced from inpatient
diagnostic codes only, seven from outpatients prescribed
drugs only, and the remaining 30 from both diagnostic and
therapeutic codes.

The list of candidate predictors, along with the corre-
sponding codes is reported in the Table S1.

2.4 | Score development

Independent predictors of 5-year all-cause mortality (i.e.,
the outcome of interest) were identified using the fol-
lowing procedure. First, a random sample of the study
cohort including 70% of patients was randomly selected
from the study cohort, forming a training (derivation)
set. These patients were followed up from index hospi-
talization until the earliest date between death and cen-
soring (i.e., emigration or 5 years after index hospitaliza-
tion). Second, a Cox proportional hazard regression model
was fitted to estimate the hazard ratios of the association
between the selected covariates and time to death. Covari-
ates included in the model were gender, age (calculated
at index hospitalization), and the 61 candidate predictors.
Predictors were included as dichotomous variables, with
a positive value if the specific condition was recorded at
least once in the two years before index hospitalization.
Third, the least absolute shrinkage and selection opera-
tor (LASSO) method was applied for selecting the dis-
eases/conditions independently predictive of 5-year mor-
tality. LASSO selects variables correlated to the outcome by
shrinking coefficients weights, down to zero for those not
correlated to the outcome.'” Finally, the coefficients esti-
mated from the model were used for assigning a weight to
each selected covariate, by multiplying the corresponding
regression coefficient by 10 and rounding it to the nearest
whole number."!

For each patient, the obtained weights were multiplied
by the corresponding dichotomous variables and were
summed up in order to produce a total aggregate score. The
score was categorized by assigning increasing values of 0,
1, 2, and 3 to the categories of the aggregate score of 0-4,
5-9, 10-14, and >15, respectively. The obtained score was
called cancer multimorbidity score (CMS).

2.5 | Model validation

Validity of CMS was investigated by applying the score
to a validation set consisting of the cohort patients not
randomly included in the training set (i.e., the remain-
ing 30% of the cohort patients). Predictive performance

was assessed using two different approaches. The first one
is discrimination, which indicates how well the model
can discriminate individuals with the outcome from those
without the outcome. Discriminatory power was assessed
using the receiver operating characteristic (ROC) curves,
and the corresponding area under the curve (AUC) and
95% confidence intervals (CI).”> The second one is cali-
bration, which ascertains the concordance between the
model’s predictions and observed outcomes. Predicted ver-
sus observed 5-year survival probabilities were displayed
in a calibration plot. Ideally, the plot should follow a 45-
degree line, showing that the predicted risks are equal to
the observed outcome frequencies. We assessed the extent
to which predictions were systematically too high or too
low (referred to as calibration-in-the-large), and the recal-
ibration slope, reflecting the slope of the calibration plot,
that, ideally, should be equal to 1. Finally, the Hosmer-
Lemeshow goodness-of-fit test modified by Yu et al'* was
used for testing the null hypothesis of agreement between
observed and predicted survival probabilities.

2.6 | Secondary analyses

Secondary analyses were performed to evaluate the abil-
ity of CMS in predicting (i) 1-year all-cause mortality and
(ii) both 5-year and 1-year all-cause mortality in three sepa-
rated cohorts of patients with colorectal (ICD-9-CM codes
153,154.0,154.1), prostate (ICD-9-CM codes 185), and breast
(ICD-9-CM codes 174) cancet.

3 | RESULTS

During the period 2009-2014, we identified 403,661 indi-
vidual with a diagnostic codes of solid tumor. After apply-
ing exclusion criteria, 148,242 patients were included in the
study cohort (median age was 75 years, 55.9% were males).
The flow chart of cohort selection is shown in Figure S1.

Of the 61 candidate predictors, 30 conditions were
selected as independent predictors of 5-year mortality. In
particular, cirrhosis and other chronic liver diseases, coag-
ulation defects, disease of the respiratory system, insulin
therapy, and dementia/Alzheimer mostly contributed to
the total aggregate score (Table 1).

Overall, the distribution from the lowest (CMS values
from O to 4) to the highest (CMS values >15) category of
CMS was 70.9%, 18.6%, 7.3%, and 3.2%. No differences were
observed in the distribution of CMS categories between
males and females. In both sexes, older patients had on
average higher CMS values (Figure 1).

The AUCs corresponding to the discriminant power of
CMS in predicting 5-year and 1-year mortality were 0.68
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TABLE 1 Prevalence rates (%), regression coefficient, and weights assigned to the cancer multimorbidity score (CMS) through a
time-to-death multivariate Cox proportional hazard model
Prevalence Regression

Disease/condition rate (%) coefficient (SE) Weight
Liver cirrhosis and other liver chronic diseases 4.0 0.81(0.02) 8
Coagulation defects 0.4 0.49 (0.06) 5
Other diseases of the respiratory system 8.4 0.47 (0.02) 5
Insulin therapy 3.6 0.43 (0.02) 4
Dementia/Alzheimer 1.7 0.41 (0.03) 4
Epilepsy and recurrent seizures 2.5 0.33(0.03) 3
Cystic fibrosis 0.4 0.32(0.06) 3
Chronic pain 2.9 0.31(0.02) 3
Psychosis 1.7 0.28 (0.03) 3
Chronic obstructive pulmonary disease 43 0.24 (0.02) 2
Other kidney disorders 1.7 0.21(0.03) 2
Cerebrovascular diseases 5.0 0.20 (0.02) 2
Vascular diseases 2.5 0.20 (0.03) 2
Anaemias 17.5 0.19 (0.01) 2
Other diseases of the digestive system 14.2 0.19 (0.01) 2
Diabetes without insulin therapy 13.1 0.19 (0.01) 2
Disorders of fluid, electrolyte, and acid-base balance 1.0 0.19 (0.04) 2
Parkinson’s disease 2.0 0.18 (0.03) 2
Corticosteroids 13.9 0.17 (0.01) 2
Chronic kidney disease (with or without dialysis) 2.6 0.17 (0.03) 2
Infectious and parasitic diseases (HIV infections, tuberculosis or other 4.2 0.16 (0.02) 2

infectious and parasitic diseases)
Heart failure 3.8 0.14 (0.02) 1
Multiple sclerosis or other diseases of the nervous system and sense organs 2.2 0.14 (0.03) 1
Depression 12.9 0.12 (0.01) 1
Autoimmune disease (rheumatoid arthritis, rheumatoid psoriasis, 12.9 0.11(0.01) 1

anchylosing spondylitis, systemic sclerosis, systemic lupus erythematosus)

or other diseases of the musculoskeletal system and connective tissue
Other diseases of the circulatory system 10.9 0.11 (0.02) 1
Oral anticoagulant agents 7.5 0.09 (0.02) 1
Chronic respiratory disease only tracked by drug therapy 13.4 0.08 (0.01) 1
Arrhythmia 10.1 0.06 (0.02) 1
Gout 8.5 0.06 (0.01) 1

(95% CI 0.67-0.69) and 0.71 (95% CI1 0.70-0.72), respectively
(Figure 2). Similar results were observed comparing the
discriminatory power of CMS in predicting 5-years mortal-
ity in men (AUC = 0.69) and in women (AUC = 0.67), as
well as in patients aged less than 75 years (AUC = 0.68) and
in those aged 75 years or older (AUC = 0.65).

Figure 3 shows 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 (—0.01)
and values of the recalibration slopes close to the ideal
value of 1 (1.04). Adequate goodness-of-fit was also con-
firmed by the modified Hosmer-Lemeshow test, and the

null hypothesis of agreement between observed and pre-
dicted frequencies could not be rejected.

A trend toward decreasing 5-year overall survival was
observed with increasing CMS values (Figure 4). As com-
pared to patients in the lowest CMS category, hazard ratios
of death associated to increasing CMS category were 2.57
(95% CI 2.48-2.67), 3.87 (3.70-4.06), and 5.78 (5.44-6.14),
respectively (p-value of trend < 0.001). Overall survival was
72%, 44%, 29%, and 17%, respectively, in patients from the
lowest to the highest CMS category.

Figure S2 shows ROC curves and corresponding AUC
values of the discriminant power of the CMS in patients



FRANCHI ET AL.

Aging and Cancer;a__m”“,,-,_.-.

100
80
B Women
5
g 60 Men
S
E
wnl
S 40
X
20
: i . _
0-4 59 10-14 >15
Cancer Multimorbidity Score
FIGURE 1
category
5-year mortality
AUC=0.68
1.0
=
=
E 0.8
-
=
[}
2 0.6
3
<
-
o
2 04
3]
R
]
(=
Q
z 02
=
0.0
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate
(1-specificity)

FIGURE 2

100
80
® Women

g
g 60 Men
2
B
w2
5 40
X

20 I

. I

0-4 5-9 10-14 >15

Cancer Multimorbidity Score

Cancer multimorbidity score (CMS) distribution among cohort patient (validation set) according to their gender and age

1-year mortality
AUC=0.71

0.8

0.6

0.4

0.2

True positive rate (sensitivity)

0.0
0.0 0.2 0.4 0.6 0.8 1.0

False positive rate
(1-specificity)
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predicting 5-year and 1-year mortality among cohort patient (validation set)

with colorectal, prostate and breast cancer. AUC values
associated to 5-year and 1-year survival were, respectively,
0.65 and 0.69 in colorectal cancer patients, 0.69 and 0.81 in
prostate cancer patients, and 0.66 and 0.74 in breast cancer
patient.

4 | DISCUSSION

We developed and validated a new score predictive of mor-
tality in elderly patients with solid tumors. This is based on
hospital diagnosis and drug prescriptions retrieved from
population-based administrative databases in Italy and can
in principle be applied to several populations in which

comparable information on disease diagnosis and drug
prescription are available.

The CMS represents a useful tool both for epidemiolo-
gists, as a simple instrument for risk adjustment in clini-
cal and epidemiological studies, for clinicians, for detect-
ing and managing more vulnerable patients in everyday
clinical practice, as well as for public health authorities to
predict the burden of chronic conditions in elderly cancer
patients. Our study showed that cancer patients with high
CMS are associated to a poorer survival, as compared to
those with low values of CMS.

Although the AUC associated with CMS was not totally
satisfactory, the current score is able to predict mortality
similarly or better than the commonly used Charlson
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Comorbidity Index (CCI).° Indeed, the latter was associ-
ated in our data to an AUC of 0.61 when predicting 5-year
mortality and of 0.63 when predicting 1-year mortality.
Moreover, we compared this novel score to the already
available Multisource Comorbidity Score (MCS) adapted
to oncologic patients.”® The latter was associated to an AUC
of 0.65 and 0.67 when predicting 5-year and 1-year mortal-
ity, respectively. Even though the MCS was developed by

using Italian administrative databases as in this study, the
observed slight differences in predicting mortality may
be due to different inclusion criteria and a smaller list of
candidate predictors as compared to the current study.

Our study has several strengths. First, it was developed
and validated on a large and unselected population-based
cohort including all patients with a hospital diagnosis of
cancer during a 6-year recruitment period in the Italian
Lombardy Region. Thus, our cohort is representative of
the current Italian clinical practice, making the results
generalizable. Second, the current score represents a new
tool able to stratify elderly cancer patients with respect to
their risk of both long- and short-term mortality. Third, as
already mentioned, this score performs similarly or better
than the widely and commonly used CCI. Although in the
current study we could not validate the CMS externally
(i.e. in other geographical area), we expect our score to
perform similarly among different Italian regions, as pre-
viously shown for the MCS score.? In addition, this score
can be specifically used on cohorts of patients affected by
the most common cancer sites, such as colorectal, prostate
and breast cancer, showing, in some cases, a discrimina-
tory ability of distinguish between low-risk and high-risk
patient profile even better than that observed on the whole
solid cancer cohort.

However, predictors only included those routinely col-
lected by administrative databases in Lombardy Region.
Disease severity, detailed clinical characteristics, and the
functional patients’ status, which may be predictive of
mortality, were not available. Moreover, our databases did
not capture the likely small proportion of patients diag-
nosed with cancer in the outpatient setting.'®'’ Finally,
because mortality is influenced by the nature and quality
of healthcare systems, the application of the present score
to other countries should be evaluated.

In conclusion, we developed and validated a prognos-
tic score derived from data usually used for health system
management of Lombardy, useful for predicting both long-
and short-term mortality. This novel prognostic score rep-
resents a useful tool for identifying high-risk elderly cancer
patients in everyday clinical practice.
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