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Abstract 

Background  During the COVID-19 pandemic, nursing home (NH) residents faced the highest risk of severe COVID-19 
disease and mortality. Due to their frailty status, comorbidity burden can serve as a useful predictive indicator of vul‑
nerability in this frail population. However, the prognostic value of these cumulative comorbidity scores like the Charl‑
son comorbidity index (CCI) remained unclear in this population. We evaluated the incremental predictive value 
of the CCI for predicting 28-day mortality in NH residents with COVID-19, compared to prediction using age and sex 
only.

Methods  We included older individuals of ≥ 70 years of age in a large retrospective observational cohort across NHs 
in the Netherlands. Individuals with PCR-confirmed COVID-19 diagnosis from 1 March 2020 to 31 December 2021 
were included. The CCI score was computed by searching for the comorbidities recorded in the electronic patient 
records. All-cause mortality within 28 days was predicted using logistic regression based on age and sex only (base 
model) and by adding the CCI to the base model (CCI model). The predictive performance of the base model 
and the CCI model were compared visually by the distribution of predicted risks and area under the receiver operator 
characteristic curve (AUROC), scaled Brier score, and calibration slope.

Results  A total of 4318 older NH residents were included in this study with a median age of 88 years [IQR: 83–93] 
and a median CCI score of 6 [IQR: 5–7]. 1357 (31%) residents died within 28 days after COVID-19 diagnosis. The base 
model, with age and sex as predictors, had an AUROC of 0.61 (CI: 0.60 to 0.63), a scaled brier score of 0.03 (CI: 0.02 
to 0.04), and a calibration slope of 0.97 (CI: 0.83 to 1.13). The addition of CCI did not improve these predictive perfor‑
mance measures.

Conclusion  The addition of the CCI as a vulnerability indicator did not improve short-term mortality prediction 
in NH residents. Similar (high) age and number of comorbidities in the NH population could reduce the effectiveness 
of these predictors, emphasizing the need for other population-specific predictors that can be utilized in the frail NH 
residents.
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Graphical Abstract

What this study adds

•	 Vulnerability of individuals, such as older people 
with multiple comorbidities, is thought to have 
played an important role in the exceptionally high 
mortality rates during the COVID-19 pandemic. 
Still, the impact of comorbidity indices in mortality 
risk prediction remains unknown.

•	 We assessed the incremental predictive value of the 
Charlson comorbidity index in addition to age and 
sex for 28-day mortality in a nursing home popula-
tion ≥ 70 years of age with COVID-19.

•	 We found no evidence for incremental value of the 
Charlson comorbidity index extracted from nursing 
home records, as an indicator of vulnerability, in 
predicting mortality risk after COVID-19 diagnosis 
in addition to age and sex.

•	 Routine care-based vulnerability measures might 
not effectively identify frail older patients with the 
highest mortality risk. This population is charac-
terized by uniformly high age and similar Charlson 

comorbidity index scores, possibly rendering these 
predictors ineffective in a nursing home popula-
tion.

•	 Further research is needed to investigate other older 
population-relevant predictors reflecting functional 
(in)dependence status when assessing prognosis in 
the nursing home populations.

Background
The COVID-19 pandemic caused significant loss of 
life, especially among older people residing in nurs-
ing homes (NH). Mortality rates in these settings were 
notably high [1–3] due to decreased (physical) resil-
ience caused by decreased immunity and the presence 
of multiple comorbidities [4]. The impact of comor-
bidities on modifying the severity and outcomes of 
COVID-19 has been recognized since the beginning 
of the pandemic [5]. In the NH settings, the residents 
are predominantly frail, highlighting the need for 
older population-specific predictors like cumulative 
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comorbidity scores that reflect vulnerability [6]. How-
ever, the role of comorbidity indices like the Charlson 
comorbidity index (CCI) [7], as an indicator of vulnera-
bility for prognostication in older individuals in the NH 
settings, has not been studied so far.

CCI is a widely used, validated comorbidity score for 
estimating the risk of death from comorbid diseases in 
different healthcare settings and clinical conditions [8]. 
Multiple studies including a systematic review found CCI 
to be associated with adverse health outcomes (mechani-
cal ventilation or critical care) and mortality in the (older) 
COVID-19 population [9, 10]. Additionally, most predic-
tion models developed during the COVID-19 pandemic 
performed poorly in the older population (including frail 
NH residents) [11]. Previous studies have shown that age 
and sex are important predictive factors for COVID-19 
mortality, with older men having the highest risk [3, 12, 
13].

Based on these findings and the availability of informa-
tion about comorbidities in NH residents’ health records, 
the present study aimed to evaluate the added value of 
CCI for predicting 28-day mortality after contracting 
COVID-19 disease beyond age and sex. Understanding 
the predictive role of NH-relevant vulnerability measures 
in COVID-19 prognosis is essential, as well as gaining 
insights into the demonstrated resilience of older indi-
viduals due to an acute illness. Moreover, this knowledge 
can provide valuable insights into developing accurate 
prediction models specifically intended for use in the NH 
population.

Methods
The study was reported according to the transparent 
reporting of a multivariable prediction model for individ-
ual prognosis or diagnosis (TRIPOD + AI; www.​tripod-​
state​ment.​org) guidelines [14, 15] for prediction model 
development (Supplement 7) with sample size calcula-
tions (Supplement 2).

Participants
The study population consisted of COVID-19 patients 
aged 70 years or older. Data were collected using COVID-
19 registration forms integrated with the electronic 
health record of the NH residents containing informa-
tion about age, sex at birth, mortality, date of death, and 
comorbidities [3]. NH residents with PCR-confirmed 
COVID-19 disease from 1 March 2020 to 31 December 
2021 were included in the study. Only the first COVID-
19 infection of the patients in this cohort was used in 

this study. Missing information of participants without 
comorbidities as listed in the CCI or with unknown mor-
tality status during the follow-up period were excluded 
from the analysis.

Charlson comorbidity index measurements
The CCI is a weighted index that includes 16 medical 
conditions including age [16]. Each condition is assigned 
a weight from 1 to 6 (Supplement 1). CCI is not routinely 
registered for NH residents and therefore comorbidities 
were extracted from the medical histories section of the 
electronic health records by a free text search for speci-
fied medical conditions using MATLAB [17]. Informa-
tion about disease severity for certain comorbidities 
(liver disease and diabetes) could not be extracted from 
NH medical histories. Free text search terms per medi-
cal condition (supplemented with ICD-10 codes) were 
formulated in collaboration with a geriatric clinician and 
NH data experts as detailed in Supplement 1.

Statistical analysis
Baseline characteristics were described separately for 
patients who died within 28  days after contracting 
COVID-19 and those who survived. Continuous vari-
ables were summarized using median and interquar-
tile range, while categorical variables were described 
using counts with percentages. Univariable associations 
between mortality and baseline characteristics were ana-
lysed using the chi-square test for binary variables (fisher 
exact test for leukaemia and mild liver disease) and Pear-
son correlation for continuous variables. The incremen-
tal value of CCI was assessed using two models: a base 
model with age and sex as the only predictors and a CCI 
model containing age, sex and CCI scores. The outcome 
was the cumulative risk of 28-day mortality. Both mod-
els included age, sex, and the interaction between sex and 
age. Age and CCI were modelled as a restricted cubic 
spline function with 4 knots on the percentiles 0.05, 0.35, 
0.65, and 0.95, to allow for a non-linear relation between 
these continuous predictors and mortality. We modelled 
age and the CCI as a restricted cubic spline to avoid loss 
of prognostic information caused by approaches like the 
categorization of these variables in two or more catego-
ries, or assuming linearity on a continuous level.

Each of the two models was estimated using penal-
ized logistic regression (Firth’s regression). We obtained 
the apparent predictive performance and optimism-
corrected performance using bootstrapping for each 
model. The incremental predictive value was evalu-
ated by comparing the area under the receiver operator 
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curve (AUROC) (including DeLong test to assess differ-
ence in the AUCs of the two models), scaled Brier score, 
calibration slope. The predictive performance of the 
base model and the CCI model were compared visually 
using density plots. Density plots show the distribution 
of predicted risks on a scale from 0 (0% risk of dying 
within 28 days) to 1 (100% risk of dying within 28 days). 
Density plots were generated separately for those with 
and without the outcome of 28-day mortality. A signifi-
cant amount of overlap between the plots for the survi-
vor and deceased groups indicates that the model finds 
it difficult to separate the two (this will translate in a 
low AUC). When the plots only have a little overlap, the 
model is successful at separating the groups (this will 
result in a high AUC). Changes in spread and separation 
in predicted risks between those who died or survived 
in the CCI model, compared to the base model, could 
indicate an improvement in predictive performance. 
Confidence intervals (95% CI) for the AUROC were cal-
culated by the Delong variance estimation method and 
for the scaled Brier score a bootstrap sampling distribu-
tion from 1000 bootstrap samples was used. All analyses 
were performed in R 4.2.2, using the R packages logistf, 
rms and pROC [18].

Sensitivity analysis
The incremental value of CCI was assessed separately in 
the years 2020 and 2021 by redeveloping the base and 
CCI models, as these periods reflected different COVID-
19 mortality rates in the NH population. The incremental 
predictive value for the sensitivity analysis was evaluated 
by comparing the area under the ROC curve (AUROC), 
scaled Brier score, and calibration slope.

Results
We included 4318 older COVID-19 patients in this study 
(Fig.  1) including 2447 in chronic psychogeriatric care, 
1030 in chronic somatic care, and 841 in revalidation or 
short-term care (details in Supplement 6). Of the study 
participants, 1,526 (35%) were male and had a median 
age of 88 years (IQR: 83–93). The median CCI score was 
6 (IQR: 5–7), with a range from 3 to 18. In total, 31% 
(1357 individuals) of the study population died within 
28  days. Dementia was the most frequent comorbidity 
(67%), followed by cancer (25%), diabetes (22%), chronic 
kidney disease (17%), and chronic heart failure (17%). 
The median age, percentage of males, and percentage of 
chronic kidney disease were higher in individuals who 
died than in individuals who survived after 28  days. 
Notably, the CCI scores were the same on average for 
deceased and surviving residents. Detailed characteris-
tics of the study population can be found in Table 1. The 
study excluded 620 individuals (6 individuals without 
comorbidities registration, and 614 individuals for their 
missing mortality status).

Incremental predictive value
The density plots showed that the predicted 28-day mor-
tality risk ranged between 13 to 64% for the base model. 
Adding the CCI to the base model led to a similar spread 
of the distribution of predicted risks (range: 11% to 66%) 
(Supplement 3). No improvement in the (considerable) 
overlap in predicted risks of survivors and individuals 
who died within 28 days after addition of CCI to the base 
model indicated no incremental value of CCI (Fig.  2). 
Using penalized logistic regression, the CCI model 
showed minimal change in predictive performance, with 

Fig. 1  Flowchart for inclusion of older individuals in the nursing home cohort
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Table 1  Characteristics of study participants stratified on mortality status

p-value of univariable association obtained using chi-square test for binary variables (fisher exact test for leukaemia and mild liver disease) and Pearson correlation for 
continuous variables

Characteristics All participants 
(n = 4318)

Survivors
(n = 2961)

28-day mortality
(n = 1357)

p-value

Age (years), median [IQR] 88 [83–93] 87 [82–93] 89 [84–94]  < 0.001

Male, n (%) 1526 (35) 931 (31) 595 (44)  < 0.001

Mortality, n (%) 1357 (31) - - -

Charlson comorbidity index, median [IQR] 6 [5–7] 6 [5–7] 6 [5–7] 0.012

Dementia, n (%) 2881 (67) 1965 (66) 916 (68) 0.482

COPD, n (%) 276 (6) 190 (6) 86 (6) 0.975

Diabetes, n (%) Uncomplicated 895 (21) 617 (21) 278 (20) 0.823

End-organ damage 43 (1) 27 (1) 16 (1) 0.512

Chronic kidney disease, n (%) 722 (17) 451 (15) 271 (20)  < 0.001

Liver disease, n (%) Mild 8 (< 1) 7 (< 1) 1 (< 1) 0.449

Severe 60 (1) 42 (1) 18 (1) 0.921

Myocardial infarction, n (%) 415 (10) 281 (10) 134 (10) 0.732

Chronic heart failure, n (%) 717 (17) 466 (16) 251 (19) 0.027

Peripheral vascular disease, n (%) 181 (4) 125 (4) 56 (4) 0.950

Cerebrovascular accident, n (%) 566 (13) 376 (13) 190 (14) 0.259

Connective tissue disease, n (%) 619 (14) 478 (16) 141 (10)  < 0.001

Peptic ulcer disease, n (%) 86 (2) 56 (2) 30 (2) 0.562

Paralysis, n (%) 12 (< 1) 7 (< 1) 5 (< 1) 0.650

Solid tumor, n (%) Localized 972 (23) 676 (23) 296 (22) 0.482

Malignant 87 (2) 60 (2) 27 (2) 1

Leukemia, n (%) 15 (< 1) 9 (< 1) 6 (< 1) 0.578

Lymphoma, n (%) 22 (1) 16 (1) 6 (< 1) 0.849

Fig. 2  Distributions of predicted risks by penalized models stratified by outcome. Plot A shows the 28-day mortality risks as predicted by the base 
model, whereas plot B shows the risks predicted for the CCI model (both models showed very similar distribution). For each plot, the distribution 
of predicted risks for patients who survived 28 days is shown in blue, and the distribution of predicted risks for patients who died within 28 days 
is shown in yellow
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no significant difference in AUROC between the two 
models (DeLong test p-value = 1), as well as similar cali-
bration slope and scaled Brier score (detailed results in 
Supplement 3). The base model had an optimism-cor-
rected predictive performance of AUROC 0.61 (CI: 0.59 
to 0.63), scaled brier score 0.03 (CI: 0.01 to 0.06) and cali-
bration slope 0.96 (CI: 0.82 to 1.15). This indicated that 
the base model displayed the same discrimination and 
brier scores as the CCI model (Table  2). Both models 
showed slight extremes in the distribution of estimated 
risks compared to predicted risks, with a calibration 
slope of less than one.

Sensitivity analysis
The mortality fraction in year 2020 was higher (41%) than 
in year 2021 (25%). In line with the results of the primary 
analysis, CCI had no incremental predictive value in the 
separate analyses for the years 2020 and 2021 (Supple-
ment 4 and 5).

Discussion
This study evaluated the incremental value of CCI for 
28-day mortality in frail NH residents after COVID-19 
disease as a potentially useful predictive score for this 
setting. The study found a high 28-day mortality fraction 
in the NH population (32%). The addition of CCI score 
to reflect a patient’s vulnerability status did not improve 
the mortality risk prediction in this population compared 
to a base model with age and sex only with AUROC: 0.61 
(CI: 0.60 to 0.63), brier score: 0.03 (CI: 0.02 to 0.04), cali-
bration slope: 0.97 (CI: 0.83 to 1.13).

We could not identify studies examining the incremen-
tal value of CCI for COVID-19 mortality specifically in 
NH residents however a similar study investigating the 
incremental value of frailty and comorbidity indicators, 
including CCI in older COVID-19 individuals (primary 
care setting) reported an AUROC of 0.69 using penal-
ized models with age and sex for the prediction of 28-day 
mortality [19]. These results align with our findings, 

showing the limited predictive value of CCI incremental 
beyond age and sex. Notably, age and sex alone also dis-
played low predictive performance in the older frail NH 
population (AUROC: 0.61) in the current study. Moreo-
ver, an external validation study GAL-COVID-19 model 
[20], including age, sex and 7 comorbidities as predic-
tors, showed poor predictive performance for 28-day 
mortality prediction in the NH population [11]. Two 
meta-analyses and additional studies on early pandemic 
hospitalized COVID-19 patients and long-term care resi-
dents reported an association between CCI (or multiple 
comorbidities) and poor prognosis, where estimates from 
some individual studies were adjusted for age or/and sex 
[9, 21–25]. On the other hand, a recent retrospective 
cohort study demonstrated that pre-existing comorbidi-
ties, although highly prevalent in the older population, 
contributed minimally to in-hospital mortality when con-
trolled for age and sex [12].

We may also look beyond COVID-19 disease and com-
pare our results to the prediction literature for other 
acute infections, such as pneumonia or influenza. Con-
sistent with our findings, a large population-based study 
on patients hospitalized for pneumonia found that rou-
tine care-based vulnerability measures (like the CCI) had 
very limited incremental predictive value for mortality 
besides age and sex [26]. Nevertheless, more research is 
needed to ascertain whether the limited predictive value 
observed is specific to the comorbidity indices used in 
this study or if other older population-specific predictors 
would also perform poorly in predicting short-term mor-
tality after acute infections in NH residents. Since the 
values for age, comorbidities and frailty scores within this 
population remain high, the predictive value of these pre-
dictors is reduced. This emphasises the need for investi-
gation of other older population-specific predictors, like 
indicators reflecting functional (in)dependence status 
(such as frailty scores) and age-independent predictors 
[27] in the frail NH population [11].

This study included a large cohort of NH residents that 
represents more than half of the NH in the Netherlands. 
Further strengths of this study include robust modelling 
with non-linear terms for continuous predictors (both 
age and CCI), which is better suited for assessing risk in 
older populations, as well as the use of multiple metrics 
to evaluate incremental predictive value.

There are also several limitations in this study. CCI was 
calculated by the open text field for medical history in the 
NH electronic health records. However, due to the use of 
NH patient files, CCI values may have been influenced 
by unregistered diagnoses and comorbidities, which 
may have led to an underestimation of the CCI and 
thereby underestimation of its predictive value if miss-
ing comorbidities affect patients with higher scores the 

Table 2  Results of optimism corrected model performance 
using bootstrapping (n = 1000)

CCI Charlson comorbidity index, AUROC area under receiver operator curve, CI 
confidence interval

Base model
(age + sex + age*sex)

CCI model
Base model + CCI

AUROC, (95% CI) 0.61
(CI: 0.60 to 0.63)

0.61
(CI: 0.59 to 0.63)

Scaled Brier score, (95% 
CI)

0.03
(0.02 to 0.04)

0.03
(0.02 to 0.04)

Calibration slope, (95% 
CI)

0.97
(0.83 to 1.13)

0.95
(0.82 to 1.12)
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most. Additionally, there is also an incomplete measure-
ment of the CCI score (information about disease sever-
ity) was not extractable from NH patient files, which may 
have further underestimated the predictive value of the 
CCI. Another limitation of the study is the lack of further 
sensitivity analysis on the incremental value differences 
among NH residents based on their level of dependence 
(inadequately recorded with many missing values) or 
type of care received (Supplement 6). These factors may 
influence the incremental value and should be explored 
in future studies.

Lastly, the current study could not account for COVID-
19 viral strains, potentially limiting the generalization of 
our results to current COVID-19 patients. However, our 
sensitivity analysis showed no differences in predictive 
performance in the years 2020 and 2021, suggesting that 
variations in viral strains did not significantly influence 
our findings. Factors relating to COVID-19 prevention, 
nutritional status [28], level of dependence or functional 
status [29], and patient management like COVID-19 vac-
cinations [30], social distancing policies [31] or treatment 
changes were not included in our study even though they 
could potentially influence the outcome and hence the 
prognostic value of the measured comorbidities.

Our study findings indicate that in NH residents, the 
CCI score as a comorbidity-based vulnerability score 
did not provide additional predictive information for 
28-day mortality risk beyond what is already captured 
by age and sex. Future research is needed to investigate 
the generalizability of our results to other acute infec-
tious diseases and other vulnerability measures like 
comorbidity scores specific to the older population such 
as the Cumulative Illness Rating Scale-Geriatric [32]. 
An interesting aspect would be to evaluate whether 
specific comorbidities [5], overall multiple long-term 
conditions [33] better represent vulnerability status in 
the older frail populations. This would provide useful 
insight for future pandemic preparedness and under-
standing resilience factors against acute illnesses, espe-
cially in older frail populations.

Conclusion
When predicting 28-day mortality in older individu-
als presenting with COVID-19 in the NH setting, this 
study found that age and sex were (weak) predictive fac-
tors while CCI had no additional incremental predictive 
value. Therefore, caution should be exercised when using 
comorbidity scores like CCI as a vulnerability indica-
tor to predict mortality in NH residents with COVID-
19. Future studies should evaluate whether other more 
comprehensive predictors could effectively and rapidly 

identify (future pandemic) older frail individuals with an 
acute infection who are at high risk of poor outcomes.
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