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Harmke A. Polinder-Bos®, Maarten van Smeden??, Geert-Jan Geersing' and Carline J. van den Dries'

Abstract

Background During the COVID-19 pandemic, older patients in primary care were triaged based on their frailty

or assumed vulnerability for poor outcomes, while evidence on the prognostic value of vulnerability measures

in COVID-19 patients in primary care was lacking. Still, knowledge on the role of vulnerability is pivotal in under-
standing the resilience of older people during acute illness, and hence important for future pandemic preparedness.
Therefore, we assessed the predictive value of different routine care-based vulnerability measures in addition to age
and sex for 28-day mortality in an older primary care population of patients with COVID-19.

Methods From primary care medical records using three routinely collected Dutch primary care databases, we
included all patients aged 70 years or older with a COVID-19 diagnosis registration in 2020 and 2021. All-cause mortal-
ity was predicted using logistic regression based on age and sex only (basic model), and separately adding six vulner-
ability measures: renal function, cognitive impairment, number of chronic drugs, Charlson Comorbidity Index, Chronic
Comorbidity Score, and a Frailty Index. Predictive performance of the basic model and the six vulnerability models
was compared in terms of area under the receiver operator characteristic curve (AUC), index of prediction accuracy
and the distribution of predicted risks.

Results Of the 4,065 included patients, 9% died within 28 days after COVID-19 diagnosis. Predicted mortality risk
ranged between 7-26% for the basic model including age and sex, changing to 4-41% by addition of comorbidity-
based vulnerability measures (Charlson Comorbidity Index, Chronic Comorbidity Score), more reflecting impaired
organ functioning. Similarly, the AUC of the basic model slightly increased from 0.69 (95%Cl 0.66 — 0.72) to 0.74 (95%Cl|
0.71 - 0.76) by addition of either of these comorbidity scores. Addition of a Frailty Index, renal function, the number

of chronic drugs or cognitive impairment yielded no substantial change in predictions.
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Conclusion [n our dataset of older COVID-19 patients in primary care, the 28-day mortality fraction was substantial
at 9%. Six different vulnerability measures had little incremental predictive value in addition to age and sex in predict-

ing short-term mortality.

Keywords Frailty, Vulnerability, COVID-19, Older people, Prognosis research, Primary care, Prognostic factor study,

Multiple imputation, Regression modelling

Introduction

The older COVID-19 patients are, the higher their risk
of severe illness and mortality. During the pandemic,
COVID-19 protection measures (e.g., vaccination) were
therefore prioritized to older people. Specific focus was
on frail, more vulnerable patients, as this subpopulation
was expected to have the worse prognosis [1, 2]. Frailty
indicators have indeed been used in several multivariable
prediction models for COVID-19 prognosis in hospital
settings, besides age, sex, comorbidities, vital signs and
laboratory test results [3]. Previous studies confirmed
that age and sex are also predictive of COVID-19 mortal-
ity amongst primary care patients, with older men having
the highest risk [4, 5]. However, whether frailty is predic-
tive for COVID-19 mortality — in addition to age and sex
— has never been formally evaluated in a primary care
setting.

Nevertheless, rapid identification of older patients
with high mortality risk is critical when targeting the
inherent limited health care resources and managing
patients outside the hospital during a pandemic. It is
important to evaluate the prognostic value of frailty in
the primary care setting, as the case-mix is consider-
ably different from hospitalized patients. In the Neth-
erlands, the Clinical Frailty Scale (CFS) [6—8] was often
used in hospitals for triage based on frailty. The CFS
is an ordinal scale with nine categories ranging from
very fit (CFS=1) to frail and terminally ill (CFS=9),
as a subjective assessment that relies on patients’ need
for help with basic and instrumental activities of daily
living, chronic health conditions, self-appreciation of
health and engagement in straining activities. However,
this CFS and many other well-known frailty indicators
that were used for triage in the COVID-19 pandemic
require in-person patient assessments that might be
challenging during a pandemic, particularly if the cli-
nician doesn’t know a particular patient well enough.
Moreover, even if a frail older patient is well-known to
his/her general practitioner, scores like the CFS were
not routinely administered and cannot be automatically
extracted from routine primary care registries, making
the potential selection of older individuals in need for
a higher level of care during a pandemic more time-
consuming. Of note, important aspects of frailty such
as functional status and dependency of others that are

commonly included in the assessment of frailty (includ-
ing the CFS) are difficult to capture in routine care data
based on diagnosis codes [9]. Hence, when using meas-
ures from routine care as done in this paper, we prefer
to speak of ‘vulnerability’ measures.

This study aimed to evaluate the predictive value
(in addition to age and sex) of several vulnerability
measures using routinely available primary care medi-
cal record data, for prediction of 28-day mortality in
older patients with COVID-19. We believe acquiring
knowledge on the role of such vulnerability measures
in COVID-19 prognosis is pivotal, not only to learn
from the past COVID-19 pandemic, but also to further
explore the resilience of older people during acute ill-
ness, thereby being informative for other acute illnesses
as well as future pandemic preparedness.

Methods

The protocol for this study was published online prior
to the start of data analysis [10]. Reporting adheres to
the transparent reporting of a multivariable prediction
model for individual prognosis or diagnosis (TRIPOD)
guidelines for prediction model development where
appropriate [11].

Data source

Data were extracted from three routinely collected pri-
mary care databases administered by the Julius Gen-
eral Practitioner’s Network (JGPN) University Medical
Center Utrecht [12], the Academic Network of General
Practice at VU University Medical Center in Amsterdam
(ANH VUMC), and the Academic General Practitioner’s
Network at Academic Medical Center Amsterdam (AHA
AMC) [13]. Data in these databases are derived from
electronic medical records of participating local general
practices. Raw data include anonymized free-text reports
of primary care consultations, using consultation encod-
ings that are used in Dutch primary care medical record
systems (diagnostic codes according to the International
Classification of Primary Care (ICPC-1) and prescrip-
tion codes according to Anatomical Therapeutic Chemi-
cal (ATC) classification), and other information related to
individual consultations and practice registration.
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Participants

In this study, we defined ‘older COVID-19 patients’ as
patients aged 70 years or older, in line with other studies
[14]. We included all patients aged 70 years or older with
a COVID-19 diagnosis registration in 2020 or 2021. Dur-
ing the early pandemic (before 1 June 2020), uniform reg-
istration of COVID-19 diagnosis and widespread testing
were not established yet in Dutch primary care. For this
period, COVID-19 patients were identified by manual
free-text screening of consultations that were recorded
with the ICPC R74 (unspecified acute upper respira-
tory tract infection), and by the ICPCs R81 (pneumo-
nia) and R83 (other respiratory infection) — which were
ICPC’s GP’s were recommended to use for registration of
COVID-19 at the time — amongst patients in JGPN and
ANH VUMC. Manual free-text screening was performed
by three experienced primary care clinical-researchers.
Only patients in whom COVID-19 was mentioned as
likely diagnosis in free-text were subsequently included.
In case of discrepant judgement, cases were discussed
until mutual agreement was reached. More details on
the patient selection can be found in a previous publica-
tion on this study cohort [4]. From 1 June 2020 up till 31
December 2021, patients were included based on ICPC
R83 and R83.03 (COVID-19) in all three databases. If
patients had multiple subsequent COVID-19 diagnoses,
only the first COVID-19 episode was included in this
study. Patients were excluded if their COVID-19 was
not diagnosed during active practice registration (i.e. if
COVID-19 test results from public health services were
linked to the primary care medical record from a period
before the patient was registered at the practice, or after
the patient left the practice) to ensure data availability
and hence mitigate bias from missing data on predictor
variables or follow-up.

Outcome

The outcome was all-cause mortality within 28 days after
COVID-19 diagnosis, as registered by either the ICPC
A96 (death), practice deregistration due to death, or
mention of death in free-text. These include all deaths,
regardless whether the patient died at home or else-
where (e.g., during hospitalization): general practices
would always be notified in case of death and deregister
the patient, which is strictly monitored by health insur-
ances for patient registration fee disbursement. Free-text
of consultations up to 90 days after COVID-19 diagnosis
were manually checked to identify delayed death registra-
tions and to confirm the date of death. Patients’ data were
analyzed with a follow-up of 28 days after COVID-19
diagnosis, or until death, or until practice deregistration
for other reasons, whichever occurred first.
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Predictors

For this study, we have a priori selected six ‘vulnerability
measures’ based on their availability in routine primary
care data and their potential to reflect aspects of frailty
according to literature or clinical experience [15, 16].
We selected three composite scores based on cumula-
tive deficits and/or comorbidities: the Frailty Index (FI)
from Drubbel and colleagues [17], the Chronic Comor-
bidity Score (CCS) [18] and the Charlson Comorbidity
Index (CCI) [19], all calculated from ICPC- and ATC-
codes (see Supplementary Material 1 for more details on
these scores). The advantage of these metrics is that they
take into account many comorbidities or other aspects
of wellbeing and functioning, but a disadvantage is that
they require an algorithm for calculation of scores. We
therefore also included three simple alternative indica-
tors of vulnerability, that are readily visible in the elec-
tronic medical record, namely: the number of chronically
prescribed medications (based on ATC-codes, reflecting
treatment-requiring conditions), renal function (the esti-
mated glomerular filtration rate (eGFR), reflecting vital
organ functioning) or any diagnosis of cognitive impair-
ment (based on ICPC-codes, reflecting biological age-
ing and care needs). See Supplementary Material 1 for
detailed definitions. Predictor data as available on the
date of COVID-19 diagnosis were extracted.

Statistical analysis

Baseline characteristics were described for patients with
and without 28-mortality separately, using median and
interquartile range (IQR) for continuous non-normally
distributed variables. P-values, derived from the Chi-
square test or Kruskal-Wallis rank sum test, are not
adjusted for multiple testing and hence should be inter-
preted as indicative of the magnitude of group differences
rather than as formal statistical test results.

Missing data on the eGFR were handled by multiple
imputation with chained equations (mice R package [20]),
assuming that eGFR data were missing at random condi-
tional on covariates [21]. We used age (spline function),
sex, the interaction between age and sex, the outcome
and 29 additional characteristics (amongst which sev-
eral comorbidities, social economic status, and database)
as predictors in the imputation of categorical eGFR (see
Supplementary Material 1 for more details).

We defined seven models: a basic model with only age
and sex as predictors, and six additional models, each
with one of the six vulnerability measures as additional
predictor. Each of these models was fitted using unpenal-
ized logistic regression (to obtain model fit parameters),
penalized logistic regression (to evaluate apparent per-
formance), and tenfold internal cross-validation of the
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penalized logistic regression (to evaluate internal perfor-
mance and internal calibration slope) [22]. Details on the
model fitting can be found in the study protocol and are
summarized here. [10] All models included interaction
terms between sex and age spline terms. Age, FI, CCS,
CCI and number of drugs were modelled using restricted
cubic spline functions with knots on the 0.05, 0.35, 0.65
and 0.95 percentiles to allow for non-linear effects [23].
Cognitive impairment was modelled as binary variable.
We anticipated to model the eGFR as spline function,
but due to many qualitative values in the data we decided
post hoc to model the eGER as categorical with seven cat-
egories (<15, 15-30, 30—45, 45-60, 60-75, 75-90, >90),
not exceeding the maximum number of candidate pre-
dictor terms according to the sample size calculation.
Elastic net penalization (glmmnet R package, alpha=0.5)
was used to mitigate the risk of overfitting and to enable
variable selection, with tenfold cross-validation to deter-
mine the value of the shrinkage factor based on deviance
optimization [22, 24]. Incremental predictive value was
evaluated by comparing model fit parameters, the area
under the ROC curve (AUC), index of prediction accu-
racy (IPA), and the distribution of predicted risks. The
IPA, calculated as 1 — (Brier score 4. /Brier score,
model)> Tepresents the percentage improvement in mean
sum of squared error of the model compared to the null
model (predicting average risk for each patient), thereby
incorporating both discrimination and calibration prop-
erties [25]. The IPA can best be interpreted relative to
other models, with higher IPA indicating a better model,
as the absolute value of the IPA is scaled to a hypothetical
‘perfectly accurate’ model (IPA =100%, zero error) that is
typically non-existent. Confidence intervals (95% CI) for
the AUC were calculated using the Delong variance esti-
mation method, and for the IPA using a bootstrap sam-
pling distribution from 1000 bootstrap samples. For the
models with the eGFR, metrics from ten imputed data-
sets were pooled using Rubin’s rules (based on a boot-
strap standard error for the 95% CI of the IPA).

Two sensitivity analyses were performed post hoc. One
analysis restricted the eGFR data to only recent eGFR val-
ues recorded within the last five years before COVID-19
diagnosis. Hereto, all eGFR values with older or missing
recording date were imputed using the same procedures
as for missing eGFR values. Another analysis restricted
the study cohort to only individuals with COVID-19 in
2020, before the start of COVID-19 vaccination cam-
paigns, to explore robustness of results over time during
the pandemic.

Details on sample size calculations can be found in the
Supplementary Material 1. All analyses were performed
in R, using the R packages tableone, glmnet, rms and
pPROC [26-30].
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Ethics

The study was waived from formal ethical approval by
the Medical Ethics Assessment Committee NedMec
(METC NedMec, protocol number 22/857). Informed
consent was waived by the Medical Ethics Assessment
Committee NedMec (METC NedMec, protocol num-
ber 22/857), which declared that the Medical Research
Involving Human Subjects Act (WMO) does not apply
to this research, as the study only used anonymized data
and did not require direct patient or physician involve-
ment. All patients from general practices participating to
the JGPN, ANH VUMC and AHA AMC databases can
object to the use of their anonymous data in these data-
bases via an opt-out system. This research was conducted
in accordance with Dutch law and the European Union
General Data Protection Regulation and according to the
principles of the Declaration of Helsinki. All methods
were carried out in accordance with relevant guidelines
and regulations.

Results

Study population

We included 4,065 older COVID-19 patients in this study
(Fig. 1). Data were complete for all predictors except for
eGFR (n=223 (5.5%) missing). Complete follow-up for
28-days or until death was available for 4,048 patients
(99.6%), since 17 patients (0.4%) were practice-dereg-
istered before the end of follow-up, for example when
moving to a nursing home. None of these patients moved
to a palliative care facility according to the free-text
reporting. Therefore, these patients were assumed 28-day
survivors for further analyses. In total 8.7% of the study
population died within 28 days. Median age was 77 years
[IQR: 73 — 83]. Cardiovascular comorbidities were most
frequent (71%), followed by diabetes (34%), cancer (28%),
chronic kidney disease (26%), lung disease (26%) and
cognitive impairment (15%). Half of the study population
(52%) had four or more chronically prescribed drugs. FI,
CCS and CCI scores were considerably high (Table 1).
Characteristics of the study population (Table 1) were
similar amongst the three primary care databases (Sup-
plementary Material 1).

Incremental predictive value

All anticipated models were fitted (see Supplementary
Material 1 for coefficients and fit and performance sta-
tistics). Predicted 28-day mortality risk ranged between
7 and 26% for the basic model (Fig. 2 and Supplemen-
tary Material 1). Notably adding CCS or CCI to the basic
model led to a slightly more granularized spread of the
distribution of predicted risks, yielding a range between
4 and 41% (Fig. 2 and Supplementary Material 1). Higher
predicted risk in males became more apparent after
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JGPN ANH VU AHAAMC
n = 40,562 n = 25,856 n = 28,960

\ ¢

/

n=95,378

All individuals aged 70 years or older on 1 March 2020
in the three primary care databases

v

during the study period
n=4,151

Patients with registered COVID-19 diagnosis

No active practice registration at
time of COVID-19 diagnosis
n =286

Y

v

Included patients
n = 4,065

(JGPN: n=1,417; ANH VU: n = 1,541; AHAAMC, n = 1,107)

Y

Patients who died within 28 days
n =353

Y

Patients alive after 28 days
n = 3,695

Y

Patients with incomplete follow-up
n=17

Fig. 1 Flowchart of the study population selection

adjustment for comorbidity-based scores (Fig. 3). The
basic model had an AUC of 0.69 (95% CI 0.66 — 0.72),
which was slightly increased when adding either the
number of chronically prescribed medications, cognitive
status, or renal function. The highest AUC was reached
by addition of the CCI or CCS (both AUC 0.74, 95% CI
0.71 — 0.76). The models with CCI and CCS also had the
highest IPA, indicating that not only discrimination but
also overall fit improved most for these models (Table 2).
A sensitivity analysis on only recent eGFR recordings did
not change any of the findings up to two decimals. Base-
line characteristics and trends in comparisons between
vulnerability models were similar in a subgroup of
patients with COVID-19 diagnosis in 2020, thus before
the start of widespread COVID-19 vaccination (data not
shown).

Discussion

Summary of results

This study evaluated the incremental predictive value
of different routine-care based vulnerability meas-
ures for short-term mortality in older primary care
patients with COVID-19. The 28-day mortality frac-
tion was high (8.7%). A model with only age and sex as
predictors yielded an AUC of 0.69. Adding the CCI or
CCS as an additional predictor moderately increased
model performance (both AUC 0.74). Addition of other

vulnerability measures yielded negligible incremental
predictive information.

Comparison to other literature

Other studies on 28-day mortality in primary care
patients with COVID-19 aged 70 years or older are
scarce, but our observed 28-day mortality fraction of
8.7% seems comparable to a study among community
dwelling Italian COVID-19 patients aged 75 years or
older, of whom 13% died [31]. As expected, the observed
mortality in primary care is lower compared to nursing
home, hospitalized or intensive care unit (ICU)-admit-
ted COVID-19 patients, in whom mortality fractions
between 19 and 37% have been reported [31, 32]. Of
note, the 8.7% mortality in our study is among individu-
als with a diagnosis registration in primary care records,
so including individuals who had severe enough symp-
toms to contact a medical doctor or have a COVID-19
test performed at the public health services. Mortality
among the total general population of older individuals
with COVID-19 may thus have been lower.

Comparing the predictive value of age and sex in older
individuals with COVID-19 to the predictive value in a
younger population shows a striking similarity. A previ-
ous study using the same data sources included all adult
COVID-19 patients, predicting hospitalization instead
of mortality [4]. This previous study found an AUC of
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Table 1 Baseline characteristics of included older COVID-19 patients in primary care
Total study population at Status after 28 days
baseline (n=4,065) "
Survivors (n=3,712) Deceased patients p-value
(n=353)
Demographics
Age in years, median [IQR] 77173, 83] 76 [73,82] 82 [76, 88] <0.001
Female, n (%) 2185 (53.8) 2046 (55.1) 139 (394) <0.001
Comorbidities, n (%)
Cardiovascular disease 2898 (71.3) 2609 (70.3) 289 (81.9) <0.001
Hypertension 2121(52.2) 1915 (51.6) 206 (58.4) 0.017
Heart failure 475(11.7) 402 (10.8) 73(20.7) <0.001
Coronary artery disease 964 (23.7) 868 (23.4) 96 (27.2) 0.123
Cerebrovascular disease 662 (16.3) 574 (15.5) 88 (24.9) <0.001
Peripheral artery disease 349 (8.6) 307 (8.3) 42(11.9) 0.026
Atrial fibrillation 21 (15.3) 544 (14.7) 77 (21.8) <0.001
Diabetes 1383 (34.0) 1209 (32.6) 174 (49.3) <0.001
Pulmonary disease 1072 (26.4) 952 (25.6) 120 (34.0) 0.001
COPD 493 (12.1) 423(114) 70 (19.8) <0.001
Asthma 507 (12.5) 61 (12.4) 46 (13.0) 0.804
Chronic kidney disease 1061 (26.1) 903 (24.3) 158 (44.8) <0.001
Liver disease (34) 127 34) 11@3.0) 0.882
Dementia 193 (4.7) 147 (4.0) 46 (13.0) <0.001
Immuno-compromised?® 526 (12.9) 455 (12.3) 71(20.1) <0.001
Cancer 1129 (27.8) 1028 (27.7) 101 (28.6) 0.760
Vulnerability measures
Frailty Index, median [IQR] 0.30[0.22,0.38] 0.30[0.20,0.38] 0.32[0.24, 0.40] <0.001
CCS, median [IQR] 2[1,3] 2[1,3] 31[2,4] <0.001
CCl, median [IQR] 54,7 504,71 715,8] <0.001
Number of drugs, median [IQR] 401,7] 401,7] 5[2,9] <0.001
eGFR <0.001
<15 18 (0.5) 13(04) 5(1.5)
15-30 124 (3.2) 94 (2.7) 30(8.8)
30-45 353(9.2) 296 (84) 57(16.8)
45-60 746 (19.4) 662 (18.9) 84 (24.8)
60-75 1221 (31.8) 1137 (32.5) 84 (24.8)
75-90 1112 (28.9) 1048 (29.9) 64 (18.9)
>90 268 (7.0) 253(7.2) 15 (4.4)
Cognitive impairment, n (%) 627 (15.4) 528 (14.2) 99 (28.0) <0.001

IQR interquartile range, COPD chronic obstructive pulmonary disease, eGFR estimated glomerular filtration rate, CCS chronic comorbidity score, CCI Charlson

comorbidity index

" P-values for the comparison between survivors and deceased patients (Chi-square test or Kruskal-Wallis rank sum test) are not adjusted for multiple testing and
hence should be interpreted as indicative of the magnitude of group differences rather than as formal statistical test results

2 According to a diagnosis of immunodeficiency or use of immunosuppressants, including prednisone, biologicals and oncolytics

0.68 with unpenalized models using only age and sex for
prediction of 30-day hospitalization (occurring in 6.8%
of the study population), which is similar to the AUC of
the basic model in our study [4]. It demonstrates that
besides sex, chronological age remains quite discrimina-
tive for poor prognosis, even in a study sample of patients
aged 70 years or older. This is further supported by the

observation that even the best performing vulnerabil-
ity measures only moderately increased the AUC in our
study. So, even though we had expected that vulnerabil-
ity measures, as an indicator of biological age, would have
been more predictive, our study results do not clearly
support this. It could imply that biological age was not as
predictive for COVID-19 mortality as assumed, or that
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Fig. 2 Distributions of predicted risks by penalized models stratified
by outcome. Plot A shows the 28-day mortality risks as predicted

by the basic model, whereas plots B-G shows the risks predicted

by the six vulnerability models, respectively. For each plot,

the distribution of predicted risks for patients that survived 28 days
is shown in pink, and the distribution of predicted risks for patients
that died within 28 days is shown in purple

the vulnerability measures based on routine primary care
records did not sufficiently capture it.

We have not identified studies on age- or sex-adjusted
predictive value of frailty or vulnerability for COVID-19
mortality in older primary care patients, but studies on
hospitalized COVID-19 patients show conflicting results.
Three meta-analyses and two additional studies on early
pandemic hospitalized COVID-19 patients (includ-
ing 2020 data) reported an association between frailty
measures such as the CFS and poor prognosis, although
estimates from some individual studies were unadjusted
for age or sex [7, 33-36]. On the other hand, more in
line with our findings, a recent meta-analysis found
that frailty (measured by different scales including the
CES) was not associated with short-term mortality, even
when stratifying the included studies according to mean
study population age [37]. This study also found that frail
patients were less likely to be admitted to the ICU or to
receive invasive mechanical ventilation, but have higher
ICU-survival compared to non-frail patients, suggest-
ing that the frail COVID-19 patients in hospital settings
represent a select population after triage [37]. As deci-
sions for hospital referral or intensive care admission are
likely influenced by frailty status, comparisons with stud-
ies on hospitalized patients should be made with caution.
Also, the hospital studies used different methodology and
other frailty measures (e.g. the CFS), often based on cli-
nician’s assessment and/or questionnaires, which differ
from the vulnerability measures based on routine-care
data in this study.

We found no incremental prognostic value for the
FI in older COVID-19 patients in primary care, even
though the same FI was found predictive of mortality in
multiple general population-based studies in older peo-
ple (thus without any selection on COVID-19 or acute
illness), including also populations from primary care
[15, 17, 38]. A possible explanation might be that during
the peak stress-test of an acute illness, some cumulative
deficits included in frailty indices like the FI used in this
study — such as dependency on others, hearing impair-
ment or social isolation — may be less important predic-
tors of short-term prognosis of this severe acute disease
compared to organ function-affecting comorbidities [16].
Indeed, the latter are more prominently embedded in
the CCS and CCI, possibly explaining why the CCS and
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Table 2 Model performance upon internal validation of penalized logistic regression

Basic
(age + sex + age*sex)

Basic + Frailty

index impairment

Basic + Cognitive

Basic+eGFR Basic+Number Basic+ CCl Basic+ CCS

of drugs

AUC (95% CI)
IPA, % (95% Cl)

0.69 (0.66,0.72)
30(-56,115)

0.69 (0.66,0.72)

34(-51,11.8) 32(-52,11.7)

0.69 (0.66,0.72)

0.70(0.67,0.73)
35(-7.0,14.0)

0.70(0.67,0.73)
3.8 (-45,12.1)

0.74(0.71,0.76)
4.8(-3.2,12.8)

0.74(0.71,0.76)
50(-3.1,13.1)

eGFR estimated glomerular filtration rate, CC/ Charlson comorbidity index, CCS chronic comorbidity score, AUC area under the curve, Cl confidence interval, IPA index

of prediction accuracy

CCI had slightly better incremental predictive value com-
pared to the FL

We cannot derive from the current study which spe-
cific comorbidities would have most incremental predic-
tive value, as we have only assessed this for the composite
scores. Baseline comparisons (Table 1) suggest associa-
tions with mortality for all comorbidities except liver dis-
ease and cancer, yet univariable. Two meta-analyses and
one individual study in hospital settings found univari-
able associations between short-term COVID-19 mortal-
ity and dementia, kidney disease, several cardiovascular
diseases, diabetes, stroke or delirium, but no associa-
tions with chronic respiratory disease, cancer, smoking or
obesity [33, 36, 37]. These associations should be inter-
preted with caution, because they are univariable and
because comorbidities (e.g. respiratory disease) may have
affected the likelihood of hospital referral. In the primary
care setting, one study found that cardiovascular disease
and diabetes were predictive of hospitalization (adjusted
for age and sex) amongst COVID-19 patients, with the
more cardiovascular diagnoses, the higher the risk [4].
Indeed, it may be possible that the number of cumulative
comorbidities is more predictive than individual comor-
bidities. More insights on how comorbidities best predict
COVID-19 mortality beyond age and sex still need to be
obtained.

Lastly, it would be interesting to know whether our
results are COVID-19 specific, or may also translate to
other acute infections, such as pneumonia or influenza.
We have not identified literature that validates predic-
tive performance of vulnerability measures such as the
FI in primary care patients with such acute respiratory
infections. However, in line with our results, two large
population-based studies on patients hospitalized for
pneumonia found that routine care-based vulnerability
measures (including a FI and the CCI) had very limited
incremental predictive value for mortality besides age
and sex, and only very high CES scores were associ-
ated with increased mortality in pneumonia patients
admitted to the ICU [39, 40]. Nevertheless, we believe
more research is needed to understand whether it is
the FI that we used in this study specifically, or if other
measures reflecting a broader definition of frailty (such
as the CFS) would also perform poorly in predicting
short-term mortality after acute infections in primary
care. The concept, though, that the short-term progno-
sis of older individuals with an acute illness is perhaps
more driven by impaired organ functioning rather than
social determinants of vulnerability may hold a promis-
ing avenue for future research and may in fact be one of
the lessons we can learn from post-pandemic analyses
like this study.
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Strengths and limitations

This study included a large sample of older COVID-19
patients in primary care that are representative of the
general older population, instead of a hospital popu-
lation already selected (possibly on frailty status) by
referral from primary care. Follow-up was complete for
nearly all patients, with high quality data on the out-
come mortality. Further strengths of this study include
robust modelling with non-linear terms for continu-
ous predictors, the use of multiple metrics to evaluate
incremental predictive value and the direct comparison
between multiple vulnerability measures.

Our results should also be interpreted in the light
of some limitations. First, selection bias could have
occurred during the early pandemic when COVID-19
cases were often based on a clinical suspicion without
confirmation by a test, or later if COVID-19 positive
(self-)tests were not registered in primary care medical
records. This could have led to overestimation of mor-
tality, if only the most severely ill patients obtained a
COVID-19 diagnosis registration, or to underestima-
tion of mortality, if some of the included patients had
(milder) respiratory infections other than COVID-19
(which we deem less likely given the lockdown situa-
tion). Second, due to the use of routine care data, pre-
dictor values may have been influenced by unregistered
diagnoses, which may have led to underestimation of
the FI and comorbidity scores and thereby underes-
timation of their predictive value if missing diagnoses
affect patients with higher scores the most. We also
used a slightly adjusted version of the CCI [16] as some
items are not directly extractable from ICPCs (such as
portal hypertension), which may have similarly under-
estimated predictive value of the CCIL. Third, we have
only evaluated six specific vulnerability measures avail-
able from routine-care data and therefore cannot gen-
eralize results to more broad-scope measures of frailty
or its general concept. Fourth, we could not take into
account COVID-19 viral strain type which may war-
rant caution in the generalization of results to current
COVID-19 patients. However, our sensitivity analysis
suggested similar results for the first two waves in 2020
patients only, suggesting that differences in viral strains
did not influence our findings substantially. Fifth, we
could not study measures of COVID-19 severity (e.g.,
oxygen saturation, symptoms) in this routine-care data
based study, which may also provide prognostic infor-
mation in real-world settings. Similarly, we could not
take into account preventive or patient management
(e.g., vaccinations, hospital referral or COVID-19 treat-
ment) into our prognostic models, which might have
also affected the outcome and hence the prognostic
value of the different vulnerability measures [41].
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Implications

Our results imply that, even in older patients, age and sex
(and to a lesser extent combined with somatic comorbid-
ities reflecting impaired organ functioning) are predic-
tive of short-term COVID-19 mortality risk in primary
care. However, the routine care based FI may not inform
on mortality risk beyond predictive information that
is already captured by age and sex. So, when it comes
to triage in the context of assigning limited health care
resources to patients with the best prognosis, the role of
routine care-based vulnerability measures (on top of age
and sex) in identifying primary care patients with the
highest mortality risk might not be as straightforward
as we assumed at the beginning of the COVID-19 pan-
demic. The results of this study suggest that underlying
comorbidities might be more important prognostic fac-
tors in the primary care setting.

Future research is needed to shed light on the gener-
alizability of our results to other vulnerability measures
and in the context of other acute infectious illnesses. It
would, for example, be interesting to evaluate measures
encompassing a broader definition of the (rather com-
plex) frailty concept, such as the CFS, also in the primary
care setting. To investigate whether predictive value of
vulnerability measures could have been influenced by
triage decisions, such studies could account for patient
management decisions in the assessment of predictive
value of vulnerability [41]. Moreover, we would encour-
age replication of the comparison in incremental pre-
dictive value between comorbidity-based scores, other
vulnerability measures and broad-scope frailty indica-
tors in older COVID-19 patients, and also in patients
with other acute infectious illnesses (e.g., influenza). This
would provide useful information for future pandemic
preparedness and for better understanding the fac-
tors that are predictive of differential resilience of older
patients with acute illnesses.

Conclusions

When predicting 28-day mortality in older COVID-19
patients in the general population, this study found that
age and sex remain good predictors. Although we found
some increased predictive performance with addition
of the CCI or CCS (both AUC 0.74, versus AUC 0.69
using age and sex only), the FI had no incremental pre-
dictive value (AUC 0.69). Therefore, in future pandem-
ics or acute illnesses, caution is warranted in readily
applying routine-care based vulnerability measures to
predict mortality in primary care patients. Future stud-
ies are needed to evaluate whether other more broad-
scope frailty indicators could still be useful in rapidly
identifying (future pandemic) primary care patients
with an acute infection at high risk of poor outcomes,
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or to confirm that we should indeed focus more on age,
sex and comorbidities affecting vital organ function as
short-term prognostic factors.
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