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Abstract

The COVID-19 pandemic has had high mortality rates in the elderly and frail worldwide, par-
ticularly in care homes. This is driven by the difficulty of isolating care homes from the wider
community, the large population sizes within care facilities (relative to typical households),
and the age/frailty of the residents. To quantify the mortality risk posed by disease, the case
fatality risk (CFR) is an important tool. This quantifies the proportion of cases that result in
death. Throughout the pandemic, CFR amongst care home residents in England has been
monitored closely. To estimate CFR, we apply both novel and existing methods to data on
deaths in care homes, collected by Public Health England and the Care Quality Commis-
sion. We compare these different methods, evaluating their relative strengths and weak-
nesses. Using these methods, we estimate temporal trends in the instantaneous CFR (at
both daily and weekly resolutions) and the overall CFR across the whole of England, and
dis-aggregated at regional level. We also investigate how the CFR varies based on age and
on the type of care required, dis-aggregating by whether care homes include nursing staff
and by age of residents. This work has contributed to the summary of measures used for
monitoring the UK epidemic.
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Author summary

During an epidemic, the case fatality risk (CFR), i.e. the probability that an individual dies
after testing positive for a disease, is a key parameter informing the public health response.
However, calculating the CFR is not trivial, since there are cases who may die in the future
but have not died yet. Therefore, statistical methods are required to correct for the distri-
bution of times between testing positive and dying. In this paper, we derive multiple meth-
ods, some existing and some novel, within a consistent methodological framework. This
allows us to understand how these different approaches are related and their relative
strengths and weaknesses. During the COVID-19 pandemic, care homes have been partic-
ularly affected, due to the high risk of COVID-19-associated mortality in the frail and
elderly. We apply our CFR methods to data from English care homes to analyse changes
in the care home CFR throughout the pandemic.

Introduction

Since December 2019, COVID-19 has spread rapidly throughout the world, leading to a global
pandemic and public health crises in many countries, including the United Kingdom. In
England, as in many other countries worldwide, care homes/residential homes for the elderly
and frail have been particularly badly affected. For example, between 4 March 2020 and 7
August 2020 there were an estimated 29,500 excess deaths in care homes in England when
compared to the same period in previous years [1], many of which are likely to be due to
COVID-19. Care home populations are typically elderly, and numerous studies have identified
an increasing risk of severe disease outcomes as age increases in patients with COVID-19 [2-
5]. In addition, there is constant contact with the outside community, as new residents are
admitted and as care home staff travel daily between their home circumstances and the care
home, which makes is challenging to protect care home residents from outbreaks in the wider
community.

Throughout the COVID-19 pandemic, easy-to-interpret metrics have garnered much
attention due to the need for rapid dissemination of information to inform policy and the
interest from the general public. The case fatality risk (CFR, sometimes called case fatality rate
or ratio) is one such measure, and can be a powerful tool when quantifying the risk of adverse
outcomes. There are different ways to interpret the CFR, but all fundamentally ask the same
question: what is the risk of dying from/with a disease? In this paper, we use the convention
that the CFR refers to the proportion of confirmed cases that lead to death and refer to the true
death rate of the disease as the infection fatality ratio (IFR), i.e. the proportion of deaths out of
all infections, detected or not. Ideally the CFR provides a close estimate of the IFR. However,
this is not always the case in practice, as case ascertainment may be low or vary across geogra-
phies depending on access to testing. In particular, preferential ascertainment of severe cases
can lead to CFR being biased relative to the IHR [6-8]. This is particularly true in relation to
COVID-19, owing to the large proportion of asymptomatic and mildly symptomatic cases
which could go undetected [9]. Some work has been done to look at the IFR for COVID-19
through attempts to infer case-ascertainment rate [2, 10]. In this paper though, we focus specif-
ically on methods to compute the CFR, which is potentially more useful, for example in fore-
casting death rates, as we know the number of cases rather than the number of infections.

Estimating the CFR during an ongoing epidemic, or indeed pandemic, can be challenging,
in part due to the delay between infection and outcome. At the time of computation, many
cases may have not yet reached their final outcomes. This right-censoring means that simply

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010554  October 24, 2022

2/28


https://doi.org/10.1371/journal.pcbi.1010554
https://www.gov.uk/government/publications/accessing-ukhsa-protected-data
https://www.gov.uk/government/publications/accessing-ukhsa-protected-data
mailto:DateAccess@ukhsa.gov.uk

PLOS COMPUTATIONAL BIOLOGY Estimating the COVID-19 case fatality risk among care home residents

dividing the number of deaths by the number of cases can give misleading results. This is par-
ticularly true in the early stages of an epidemic, as these cases with unknown outcomes repre-
sent a larger proportion of the overall sample. There are various methods to address these
biases, but in all methods, it is important to account for the distribution of delays between
infection and outcome [11, 12]. Furthermore, an important and often overlooked consider-
ation is that we may see changes in the CFR over time due to, for example, changes in testing
rates, treatments, or severity of the disease through mutation. Therefore, it may be insufficient
to consider a constant or overall CFR, and the instantaneous CFR, which looks at the CFR for
each day of the epidemic, may be more useful.

If data are available linking cases to deaths, then the CFR is straightforward to calculate by
following all positive individuals forward in time. However, often such data are not available.
During the early stages of this project, the only available deaths data for care home residents
were collected by the Care Quality Commission (CQC), and cases data were collected by Pub-
lic Health England (PHE). These data could not be linked. Therefore, statistical methods for
estimating the CFR were required.

A number of statistical methods have been used to compute the CFR for COVID-19 at dif-
ferent stages of the pandemic, amongst different populations and demographics. As such,
reported estimates for the CFR of COVID-19 have varied wildly, with values as low as 0.15%
[13] and as high as 25.9% [5]. Many reports use the measure of total deaths divided by total
cases to calculate an overall CFR. These include initial reports from Wuhan, which reported a
variety of estimates for the CFR, as high as 5.25% in Wuhan [14] itself, but lower in the rest of
mainland China at 0.15% [14] or 0.4% [13]. However, when accounting for the censoring of
outcomes, estimates were significantly higher, at 12.2% in Wuhan and 0.9% in the rest of
mainland China [15]. Furthermore, analysis of outbreaks in other countries has also found
that the crude CFR under-estimates the delay-adjusted CFR [5, 16, 17] (for the overall CFR).
The crude instantaneous CFR depends on the phase of the epidemic, and is underestimated
during growth phases and overestimated during decay phases.

In this paper, we investigate three approaches in application to data from care homes in
England: cohort method, backward method, and forward method. The cohort method is per-
haps the most straightforward, but is heavily affected by the right-censoring and requires very
high resolution data. The backward method is widely used in the literature [2, 10], since it
requires relatively simple data and is not sensitive to the right-censoring. Forward methods
have been used [18], but are less common than the other two. Starting from the cohort
method, we derive a novel forward method. The resulting model is similar to the existing for-
ward method of Reich et al. (2012) [18]. By investigating these different approaches, we com-
pare the CFR estimates obtained and discuss their relative strengths and weaknesses.

When estimating the CFR, there are two general perspectives considered: overall CFR and
instantaneous CFR. The overall CFR describes the proportion of cases to date that resulted in
death, whereas the instantaneous CFR describes the proportion of cases within the given time
frame that resulted in death. The overall CFR therefore paints a picture of total mortality dur-
ing the pandemic. The instantaneous CFR on the other hand paints a picture of how mortality
risk changes over time. The existing instantaneous methods describe daily instantaneous CFR,
which is the CFR on a given day. This provides a high-resolution temporal trend, but can be
very sensitive to small numbers of observations. To address this, we derive novel weekly
instantaneous methods, which describe the CFR in a given week. By aggregating across weeks,
we ensure a larger number of observations, whilst maintaining decent temporal resolution.
Through this real-time quantification of mortality risk, it is possible to identify changes in
mortality risk over time, for example due to the emergence of new variants [19] or different
epidemic trends across geographic regions. Additionally, the instantaneous CFR is essential
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for constructing forecasting models for deaths. Such forecasts cannot be parameterised using
the overall CFR, since this would not capture temporal changes in the relationship between
cases and deaths.

In addition to temporal trends across England, we also look at regional heterogeneity in the
CFR, looking at different NHS regions across England. Some of the potential drivers of
regional heterogeneity are differences between regions in demographics [20], care availability
[21], epidemic trajectories, testing rates, and the emergence of novel variants. By investigating
regional data, we can provide region specific estimates for the CFR. We also compare two dif-
ferent data sources for the deaths data: PHE 28-day care home deaths, by date of death, and
CQC confirmed care home deaths, by date of report. These different data sets introduce dis-
tinct censoring issues. The PHE data are explicitly censored 28 days after a positive test,
whereas CQC deaths can include any deaths where COVID-19 has contributed, and can also
be reported any length of time after the death occurs. This can lead to unclear right-censoring
issues with the CQC data.

The methods used and developed in this paper have been applied throughout the COVID-
19 pandemic to provide real-time updates on the case fatality risk in English care homes.
These have fed into the PHE Joint Modelling Team weekly reports, the SAGE Social Care
Working Group, and the Cabinet Office COVID-19 dashboard. The main focus within these
reports has been monitoring the impact of the vaccination programme on mortality in care
homes, as well as identifying other potential changes in mortality, related to, for example, new
variants. Whilst these methods are useful for investigating temporal trends in the CFR, they do
not directly provide causal explanations for changes therein. Use of these CFR time series
within more complicated statistical frameworks may allow for such explanations to be
extracted from the data.

1 Data

To investigate the CFR in care homes, we use two data sources. Firstly, from PHE systems, we
extracted non-identifiable, time series data on persons with confirmed SARS-CoV-2 infection
and resident in care homes in England. Residence in a care home was identified by matching
the full residential addresses of patients against three reference databases—Ordnance Survey
(OS), Care Quality Commission (CQC) list of registered LTCFs and OS AddressBase Premium
database. Cases not matched through the above process were manually matched by NHS num-
ber to the Master Patient Index held by NHS England. Dates of death for care home residents
who died after a positive COVID-19 test cases were identified using a combination of methods
previously described [22]. From this dataset, we extracted COVID-19 deaths through the PHE
definition, using deaths within 28 days of the positive test. To increase reliability of identifica-
tion of persons resident in care homes, we included only those aged over 65 years in this analy-
sis. This, any care home residents under 65 are excluded, and this analysis should be
interpreted as the CFR for care home residents over 65 years of age.

The second data set we use was extracted from CQC systems (full descriptions of the data
can be found in S1 Text). This data set records the number of COVID-19 deaths in each
English care home. All care homes are required to report deaths to CQC, with the deaths disag-
gregated by type of death (e.g. Confirmed COVID, Suspected COVID, not COVID), and by
place of death (e.g. hospital, place of residence). The confirmed deaths in this data set will be
deaths that care home staff are confident COVID-19 has contributed towards, such as based
on their doctor’s notes. In our analyses, we only include deaths that have been reported as con-
firmed, and include all places of death. During the first wave, a high proportion of deaths were
reported as suspected, due to low rates of testing. These are not included in the analysis, which

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010554  October 24, 2022 4/28


https://doi.org/10.1371/journal.pcbi.1010554

PLOS COMPUTATIONAL BIOLOGY Estimating the COVID-19 case fatality risk among care home residents

results in deaths being under-counted during the first wave. However, since the testing rate
was so low during the first wave, the CFR estimates here are very unreliable, regardless of the
inclusion/exclusion of suspected COVID-19 deaths. Since this is reported data, we do not have
the number of deaths by date of death but instead the date these deaths were reported to CQC.
This adds an extra lag to the data, since it may take a few days for the deaths to be reported,
and also introduces extra biases, such as a weekend effect where fewer deaths are reported on
Saturdays and Sundays, which are then reported on the following Monday/Tuesday. Generally,
the lag time between death and reporting is very short, taking a few days, but there is poten-
tially a heavy tail on the distribution of delays.

By linking the two data sets by postcode, we can obtain time series for the number of posi-
tive tests per day and the number of deaths (and deaths reported) per day. At England level,
these three time series are plotted in Fig 1. Positive tests and deaths both follow a similar
shape, though there is a temporal offset, due to the delay between testing positive and dying,
and scaling offset, due to only a proportion of tests resulting in deaths. Access to testing was
limited in the first wave (until May 2020). Over summer 2020, testing capacity grew rapidly,
becoming relatively stable for the subsequent waves. Comparing the two deaths time series, we
see that both follow the same general trend. We can see weekend effects in both in the PHE
positive test data and CQC deaths data, but not in the PHE death data. This is expected, as
death reporting to CQC and testing behaviour is heavily biased by the day of week, whereas
date of death is not.

Individuals in English care homes are substantially older, on average, than those in the
wider population. Among care home residents who tested positive for COVID-19 in our data,
the median age was 86, with 5th percentile equal to 69 and 95th percentile equal to 97. This
elderly age profile leads to substantial COVID-19 mortality risk, relative to the wider
population.

2 Methods

In this section, we describe different methods for calculating the case fatality risk, and their rel-
ative strengths and weaknesses. Firstly, we describe some commonly applied methods. We
then develop novel methods that build on these, leading to a variety of techniques that can be
used to estimate the CFR. The aim of all these methods is to account for the delay between
infection and death. We cannot simply divide the number of deaths on a given day by the
number of cases on that day, because many deaths are likely to be in individuals that tested
positive on prior days. If the epidemic were constant, this would not be an issue, as the number
of cases would be the same each day. However, in reality epidemics change over time, with
cases either growing or decaying. Therefore, it is important to construct an appropriate
denominator that considers the number of cases on historic days and scales by the time to
death delay distribution. We present three methods for estimating the CFR that account for
these delays, which we refer to as “cohort”, “backward”, and “forward”. If linked data are avail-
able, such as the PHE data, the cohort method can be applied to easily calculate the CFR. In
the absence of linked data, the statistical backward and forward methods are necessary.

When estimating the CFR, there are different resolutions that can be considered. These fall
into two general categories, which we refer to as “instantaneous” and “overall”. The instanta-
neous measure describes the CFR within a given time frame, whereas the overall measure
describes the CFR up to a given point in time. Therefore, the instantaneous CFR can be inter-
preted as the mortality risk within the corresponding time frame, which could be a daily CFR
or a weekly CFR, for example, corresponding to the mortality risk on that day or during that
week, respectively. The overall CFR on the other hand can be interpreted as the mortality risk
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Fig 1. Plotting the time series for the 3 data streams: Cases, PHE deaths, and CQC deaths.

https://doi.org/10.1371/journal.pcbi.1010554.9001

of all cases up to and including the given day. This does not provide a measure of real-time
risk, since the risk may change during the pandemic, but rather a measure of the mortality
impact of the whole pandemic. Therefore, instantaneous measures are more useful for assess-
ing temporal trends in the CFR and quantifying real-time risk, whereas the overall measures
are more useful for quantifying how the target population has been affected.

In this paper, we adopt different notations for each type of CFR. The daily-instantaneous
CFR is denoted CFR(t), the weekly-instantaneous CFR is denoted wCFR(t), and the overall
CFR is denoted oCFR(t). Within each of these notations, we identify the distinct estimation
methods: cohort, forward, and backward. These are denoted by a subscript conore 5 and g,
respectively. For example, the forward daily-instantaneous CFR is denoted CFRy(t) and the
cohort weekly-instantaneous CFR is denoted wCFR oport(t).

2.1 Existing methods for calculating the CFR

2.1.1 Cohort methods. Perhaps the most intuitive approach for estimating the case fatal-
ity risk is the cohort method. In this method, to estimate the CFR on a given day (let us call
this day 1), one needs to identify all individuals that became a case on this day. Following these
cases forward in time, it is possible to count the number of deaths observed within this group,
and the CFR is given by the number of deaths at ¢ = co divided by the number of cases on t =
7. This approach is easy to calculate, and the resultant CFR is easy to interpret, since it reflects
the proportion of cases on day 7 that result in death. However, there are some drawbacks.
Firstly, and perhaps most severely, this method requires individual-level data linking cases to
deaths. Such data may be challenging to access, with often only aggregated time series data
available. Secondly, this method is subject to right-censoring, since many individuals may not
have experienced their final outcomes (death or recovery). Therefore, whilst estimates of the
CFR where 7 is sufficiently long ago may be reliable, since we can assume most deaths will
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have occurred, as T approaches the current date, the estimates will be more biased by the right-
censoring. To account for this issue, we propose two potential solutions. Firstly, using data on
the distribution of delays from becoming a case to dying, a threshold can be constructed based
on the 99% prediction interval of this distribution, which we will denote f,,,,. Using this, we
can truncate the CFR time series, so that the most recent estimate considered reliable is when 7
= T — t,.an where T is the last day of data. Another solution arises from the definition of deaths
considered. One metric for measuring COVID-19 deaths is the PHE 28-day death definition.
Under this definition, if an individual has not died within 28 days of their first positive test,
they are assumed to have recovered. Therefore, this applies a hard cutoff to the maximum time
between becoming a test and dying. Using this cutoff, the CFR time series can be truncated so
that the most recent estimate that is considered reliable is when 7= T — 28. This is the cutoff
we use throughout the analyses considered in this paper.

This describes how to generate daily-instantaneous CFR estimates (which describe the pro-
portion of cases on a given day that result in death) using the cohort method. Weekly CFR esti-
mates (which describes the proportion of cases in a given week that result in death) can be
similarly obtained, by looking at the outcomes for all individuals who test positive within a
given week rather than a given day. Similarly, overall CFR estimates can be generated by look-
ing at the outcomes of all individuals that have tested positive up to and including a given date.

2.1.2 Backward methods. When individual-level linked data are not available, the CFR
has to be estimated from time series data, making the cohort method inapplicable. Perhaps the
most common approach for estimating the CFR from time series data considers the number of
deaths on a given day, and then constructs an appropriate denominator by looking at historic
cases data [2]. We will refer to this method as the backward method, denoted by a subscript b
(e.g. CFR,(1)), since it involves looking backward in time from the date of death when con-
structing the denominator. This denominator is calculated by looking at the number of cases
on each previous day and scaling this by the proportion of deaths that would occur on day ¢,
conditional on death. This gives the daily-instantaneous CFR under the backward method as
(See S3 Text):

(1)
S " Clx)glt — xlx) W)

x=0

CFR,(t) =

where d(t) is the number of deaths on day ¢, C(x) is the number of cases on day x and g(y|x) is
the probability that an individual dies y days after testing positive, given that they test positive
on day x.

In addition to the daily-instantaneous method, there exist methods for calculating the over-
all CFR using the backward method [2]. The overall backward CFR on day ¢ is given by the
number of deaths up to and including day ¢ divided by the expected number of cases that
could have ended in death on or before day t. That is,

> _d)

oCFR,(t) = = , (2)

t

> (x)Fy(t = x|x)

x=0

where Fg(y|x) is the cumulative distribution function of the testing to death delay, given that
the individual tests positive on day x.
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The main benefit of this backward approach is that, once a delay distribution from testing
positive to death has been estimated, this method only requires time series data rather than an
individual-level line-list. Such data are often readily available, so this method may be easier to
implement in practice. However, since this method requires adjusting for the death delay, we
need some line-list data from which to extract the delay distribution (or delay estimates to
exist in the literature). This does not need to be complete, as long as the estimates are represen-
tative of the full cohort, so is easier to obtain than full individual-level data. Another benefit is
that the backward method is not subject to right-censoring, and CFR estimates can be calcu-
lated up until the final day of the available data (subject to any back-filling issues due to report-
ing delays). This is because this approach looks backward to see how historic cases contributed
to the deaths today, so is not dependent on future outcomes.

A downside of this backward method is that the results are harder to interpret than the
cohort method. In the latter, the daily CFR indicates the proportion of cases on the given day
that are expected to die. The backward method instead indicates the proportion of cases that
led to deaths on the given day. This means that the CFR from the backward method is less use-
ful for parameterising deaths forecasting tools, since it does not link the cases data to deaths
(instead linking deaths to cases). However, it still provides a reliable indicator of temporal
trends in mortality risk, which is perhaps the main purpose of the CFR.

2.2 Novel methods for calculating the CFR

Motivated by the interpretability of the cohort method, we derive on approximation to this
method that uses time series data rather than line-list, which we refer to as the forward
method. This approach will also require delay distribution data, so requires the same inputs as
the backward method, making them comparable in their applicability. The resulting model is
similar to the model developed by Reich et al. (2012) [18] for calculating the infection fatality
ratio across covariate groups with varying reporting rates. We derive both instantaneous and
overall forward methods.

Whilst the daily instantaneous CFR provides a high-resolution temporal trend, the data
may not be sufficient for reliable estimation of the daily CFR, since the number of daily obser-
vations can be very low. This does not present a substantial issue when estimating the CFR in
England, however, when disaggregating the data by region, age, or other potential covariates,
the sample sizes become much smaller. To address this, we develop novel methods for estimat-
ing the weekly-instantaneous CFR, using both forward and backward methods. By aggregating
the instantaneous CFR into a weekly rather than daily time-window, we can generate reliable
estimates for the CFR when numbers are low. Such methods may be more applicable than
daily estimates for smaller geographies, such as the devolved administrations of Scotland,
Wales, and Northern Ireland, since smaller geographies are likely to have fewer cases.

2.2.1 Forward method—Daily instantaneous. The cohort method (Section 2.2.1) can be
formally interpreted as finding an adjusted deaths figures recording the number of deaths

associated with cases today, which we will denote d(t), and dividing this by the number of
cases. That is,

CER o (1) = L (3)

where C(¢) is the number of cases on day t. Here, d(t) is calculated by counting the number of
deaths associated with COVID-19 among individuals testing positive on day ¢. This can be
considered as summing the number of deaths on each day where the individual tested positive
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on day t, across all future days, i.e.

00

d(t)

x=t

Z(number of patients dying on day x who first tested positive on day t). (4)

To develop a probabilistic forward method, we need to approximate the summand on the
right hand side of Eq (4) using time series data. For brevity, we will use the notation

d,(x) = (number of patients dying on day x who first tested positive on day t),

such that d(t) = S, d,(x). Writing d,(x) in terms of probabilities, we have

QU

()

d(x)P(I = t|D = x).

(5)

(6)

where d(x) is the observed number of deaths on day x, I is the day of the first positive test, and

D is the day of death. This can be rewritten as

PI=tND=x)

=d(x)

P(D=x|I=¢t)P(I=1t)

=N =5p =y

P(D =x)

P(D=xI=¢t)P(I=1)

=d(x)

iP(D =x|I =y)P(I

¥)

The probability of dying on day x given infection on day y is the probability that the delay dis-
tribution from testing to death is between x — y and x — y + 1, which we denote g(x — y|y) =
Fo(x — y + 1|y) — Fo(x — y|y) (where Fy(z|y) is the cumulative distribution function of the testing
to death delay, given that testing happens on day y), multiplied by the probability of dying giv-
ing infection on day y, CFR¢(y). Since we have the full historic testing data, the probability of
testing positive on day y is given by the number of first positive tests on day y divided by the

total number of first positive tests, i.e.

Ck)
PI=y)=— .
Zc(z) (8)
Therefore, we have
glx— t|t)CFRf(t) OOC(t)
> Cl2)
108 — d(s) PR L T R
> “glx = yly)CFR,(y) —— > glx = yly)CFR,(y)C(y)
y=0 C(Z) y=0
which leads to
id(x) g(x — t[t)CFR;(¢)C(t)
=t X — CFR.(y)C
o) ;Ug( WICERG)CL) RS dwglx— OCER (1) (10)
A - x '
v T3 gle - hICER D))
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To solve this exactly, we would have to construct an iterative model for CFR¢(which would
lead to an impractical increase in computational cost relative to the backward method). How-
ever, although we are interested in the daily CFR, we would not expect the CFR to vary sub-
stantially on a daily basis (aside from weekend effects in the testing rates and stochastic noise).
Therefore, to simplify the model we can assume that on the right hand side of Eq (10) the val-
ues of CFRy(x) are constant for all x. Therefore, we can approximate this by

crr (6~ 3 ASEZD an
D IECESTIL)

which has comparable computational cost to the backward method. By making this assump-
tion on the right-hand side, we effectively smooth through the variation in the daily CFR. In
reality, when using the cohort method, we observe substantial daily variation in the CFR. How-
ever, this is down to noise in the data and weekend effects, whereby fewer tests are performed
at weekends, perhaps biasing the sample to more severe cases. By smoothing through this
short-term variability, this approximation gives a reasonable indicator of the general trend.

This formula for CFR (%) allows us to calculate the case fatality risk using time series data.
This resulting method is similar to the approach developed in [18], though the assumptions
applied are different. The main difference between these models is the forward approach
focuses on the case fatality risk among confirmed cases, whereas the Reich model attempts to
estimate the infection fatality ratio.

2.2.2 Forward method—Overall. To estimate the overall CFR (0CFR) on a given day, we
are interested in what proportion of total cases up to that day result in death. Taking a forward
approach, we are therefore interested in what proportion of cases reported up to and includ-
ing, the given day have died or will go on to die. That is

total deaths among individuals testing positive before or on day ¢
oCFR (1) = e : — - (12)
total individuals testing positive before or on day ¢

The denominator here is easy to calculate, and is given by
> Cl), (13)

where C(x) is the number of cases on day x. For the numerator, we need to look at the number
of deaths on every day between zero and infinity, and calculate what proportion of these deaths
can be attributed to individuals testing positive before day ¢. That is, we can write the numera-

tor as

00

> d(y)P(I < tD=y). (14)

y=0
Following the logic described in Section 2.2.1, this can be approximated as
t
~ . D40y — 2l2)C(2)
z=0

S dpPU <D=y~ Y
=0 =0 Zg(y — x]x)C(x)
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Therefore we obtain

7Y gy~ x)Clx) (16)

2.2.3 Forward method—Weekly instantaneous. The daily instantaneous CFR is a useful
measure of the temporal trends in the CFR. However, there can be a lot of noise in the daily
estimates, driven by stochasticity in the underlying process and day-of-week biases in the data
streams (for example, testing capacity reduced at weekends or fewer deaths reported on week-
ends). This issue is particularly pertinent when the number of cases is low. One way to account
for this, whilst still capturing the instantaneous CFR, is to look at weekly rather than daily esti-
mates. The aim of a weekly CFR estimate is to capture the case fatality risk of either individuals
testing positive during that week or dying during that week (depending on whether a forward
or backward approach is used). Using a weekly CFR should remove the day-of-week effects, so
that any temporal changes are genuine trends.

Under a forward approach, the weekly CFR is the number of individuals that test positive
in a given week that go on to die, divided by the number of individuals testing positive during
this week, i.e.

el

(%) (17)

wCFR; () = )

The number of individuals testing positive in week 7, C(7) is given by C(t) = 3", ¢(71 + x).
Here, 7 is a weekly index, starting from the first day considered in the time series. Multiplying
T by 7 gives the first day of each week. The number of individuals testing positive in week 7

that go on to die, D(t), is given by

~ 6 _ 6 ~_ 4 _
D)= d(r+x)=>"3 gl 7y
=0 x=0 y=Tr+x Z gy — z|z)CFRf(z)c(z)

— x|7t + x)CFR (7t + x)c(77 + x)

(18)

Making the assumption of small variation in CFR over small timescales, this gives the weekly

forward CFR as
XG: i d(iy)gly — Tt — x|7t + x)c(7t + x)
)
DEE Y - ) (19
wCFR, (1) = =0 .

Zizo (7t +x)

2.2.4 Backward method—Weekly instantaneous. We can also estimate the weekly CFR
using a backward approach. Through this, we obtain
D(z)

wCFR, (1) = )’

(20)
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where D(7) is the number of deaths in week 7 and C() is the number of cases that could have

died in week 7. D(7) is simple to extract from the data, and is given by D(t) = > d(7t + x).

C(r) is given by
Clo)=> &Tt+x) = ch(y)g(ﬁ +x—yly). (21)

Therefore, the weekly backward CFR is given by

0 d(Tt+x
wCFR, (1) = — ﬁgx*o ( ) : 22)

DO gt +x—yly)

x=0 y=0

2.3 Relating the forward and backward methods

As two measurements of the CFR, there should be some agreement between the forward and
backward methods. We might not get perfect alignment of the daily CFR, since one looks at
the given day as the day of testing and the other considers the given day as the day of death,
but the general trends should be consistent. In this section, we consider the special case where
the delay from testing to death is constant rather than drawn from a random distribution. In
such a case, we find that the backward method can be transformed to be identical to the for-
ward method, for the daily-instantaneous CFR. For simplicity, here we assume that the delay
from testing to death is independent of testing time.

Consider a constant delay distribution such that

1, if x=2A
g(x) = Fy(x+ 1) — Fy(x) = (23)
0, otherwise.

Under such a distribution, the forward CFR reduces to

B dit+2)
CFRf(t) = cw (24)
and the backward CFR reduces to
()
CFR,(t) = -1 (25)

On the given day, the two CFR methods will give different estimates. However, by finding the
backward CFR on day t + A, we have

CFR,(t + 1) = d (26)

which is the same as CFRy (t). Therefore, under a constant death delay, the backward CFR can
be transformed into the forward CFR by lagging the data by the length of the constant delay.
For general distributions, we cannot directly transform the backward CFR into the forward
CEFR through a simple lag. However, we investigate shifting the general backward CFR by the
expected duration of the death delay, to see how this compares with the forward CFR.
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2.4 Uncertainty quantification

When interpreting the CFR, we can consider the observed number of deaths as a random sam-
ple from a binomial distribution, with number of trials equal to the number of cases on that day,
following [11, 23]. Classing deaths as the event of interest, the case fatality risk is the probability
of the event. Finding the probability that maximises the likelihood of the observed number of
deaths allows us to find the mean estimate for the case fatality risk on each day. By constructing
a likelihood function for the data, we can now quantify uncertainty around this point estimate,
which illustrates potential other values for the daily CFR that would not be inconsistent with the
data. That is, the mean estimate is the CFR which best represents the data on that day, but since
we only have one observation each day, the actual fatality risk could have been different, with
the observation affected by random noise. To quantify this uncertainty, we will use the likeli-
hood ratio method (Wilks test). By using the chi-squared cutoffs at 95%, we can find the 2.5%
and 97.5% percentiles for the daily CFR. The benefit of this method is that uncertainty grows
when fewer cases are observed. That is, CFR estimates when prevalence is lower will be far more
uncertain than during high prevalence phases. This is because the likelihood function becomes
flatter when the number of trials is smaller. This is beneficial, as when the number of cases is
higher, random noise should play a smaller part in the number of observed deaths.

Therefore, we wish to make the following assumptions. For the adjusted deaths value d(t),
i.e. the deaths corresponding to tests on day ¢, we can assume this (subject to rounding to the
nearest integer) is drawn from a binomial distribution with C(¢) trials and probability CFR(f):

{m

. W ~ Bin(C(t),CFRf(t)). (27)

For the number of observed deaths on each day d(t), we can assume this is drawn from a bino-
mial distribution with C(¢) trials (subject to rounding to the nearest integer) and probability

CFRy(1):
a0~ i [ 201 o), o

since d(t), d(t), C(t), and C(t) are observed, we can use these to construct likelihood functions
for observing these data given CFRy(t) and CFR,(t). From these, we can estimate the maximum
likelihood estimator for these case fatality risk and uncertainty, as described above.

This method provides a good indicator of the uncertainty in a given estimate of the CFR.
However, this does not consider correlation between the CFR on nearby days, so perhaps over-
estimates the uncertainty when investigating temporal trends. When applied to overall and
weekly CFR estimates, this should provide a more robust measure of uncertainty, since corre-
lation between weeks will be reduced. Alternative methods for estimating uncertainty may be
better at capturing this correlation, but we do not consider these here.

3 Results
3.1 Method comparison

In this section, we compare estimates from the methods presented above for generating the
case fatality risk across care home residents in England. Here, we only use the PHE 28-day
deaths data as an example. CQC deaths data are presented in Section 3.2.

Note that, the delay from testing to death is likely to vary over time. To capture this varia-
tion, we estimate the delay on a monthly basis (see S2 Text), so that the delay depends on the
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Fig 2. Comparing the methods. Top left: cohort versus forward. Top right: cohort versus backward. Bottom left: Cohort versus shifted backward. Bottom right: Forward
versus shifted backward. Dashed lines indicate the 95% confidence intervals of the daily CFR estimates. In the shifted backward results, we shift the daily estimates to 10
days prior, reflecting the average delay from testing positive to death.

https://doi.org/10.1371/journal.pcbi.1010554.9002

month in which an individual tests positive. Using this temporally changing delay distribution
allows us to estimate the CFR more accurately.

3.1.1 Forward versus backward versus cohort. Here we investigate the three different
approaches for estimating the CFR. The cohort method acts as a “ground truth” of the actual
CFR observed on each day. Through comparing this to the forward and backward methods we
can evaluate their performance at estimating the CFR.

Fig 2 shows the daily estimates for each of the methods. Cohort indicates the cohort method
applied to the individual-level line-list data. Forward is the forward approach applied to the
time series data. Backward is the backward approach applied to the time series data. Backward
—shifted is the solution to the backward approach, shifted back 10 days, in line with the
expected value of the death delay distribution. As we consider only deaths which occur within
28 days of the first positive test result, the forward approach cannot reliably estimate the CFR
for the last 28 days of data, so these dates have been removed. The backward approach however
can still estimate over these days, though the last four days are removed to handle reporting
lags in deaths data.

The upper two graphs compare the forward and backward approaches, respectively, to the
cohort results. Panel (A) compares the forward method to the cohort method. We see good
agreement between the two methods. However, as expected, the forward method leads to a
much smoother temporal trend, since this smooths through the day-to-day variation. This
smoothing can make it easier to identify the temporal trend. Panel (B) then compares the
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Weekly and daily instantaneous - PHE

backward method to the cohort. The temporal trends appear very similar, in both shape and
daily variation. However, the backward method appears shifted in time to later dates. This is
because the backward method looks at CFR by date of death, as described in Section 2.3
To adjust for this asynchrony in the backward method, we can shift the data to earlier dates
by the mean delay from testing to death, which is 10 days (averaged across the whole pan-
demic). To do this, we shift the backward solutions to the left by 10 days. The results of this are
compared to the cohort method in panel (C). This leads to substantially improved agreement
between the cohort and backward method. Therefore, by shifting the backward method, we
can interpret the output as an approximation to the cohort method. However, the shift method
would not work as well if the delay distribution from testing to death changes substantially
across the pandemic, such as if testing policy changed or a new variant led to faster mortality,
since we are shifting all estimates by a single value. In panel (D), we compare the cohort
method to the shifted backward method. The two methods have good agreement in both tem-
poral trend and uncertainty, though the forward method has reduced day-to-day variation
To further assess the accuracy of the backward and forward approximation methods, rela-
tive to the cohort method, we calculate the relative error (S4 Text). The forward method pro-
vides the best approximation to the cohort method, with mean relative error equal to -0.0132
The shifted backward comes second, with mean relative error equal to -0.0487. The backward
method has the worst performance, with mean relative error equal to -0.0919
3.1.2 Daily versus weekly. For the instantaneous CFR we have developed methods for
estimating either daily or weekly values. The weekly method can also be used to aggregate at
other temporal resolutions, such as monthly. In Fig 3 we compare the estimates at both daily
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Fig 3. Comparing weekly instantaneous CFR to daily instantaneous CFR, using PHE data. Left panel shows the forward methods and right panel shows the backward
methods.

https://doi.org/10.1371/journal.pchi.1010554.g003
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and weekly resolutions with the forward and backward methods. The values are slightly out of
sync since the weekly value reflects the CFR across that week rather than on any given day dur-
ing that week. However, the temporal trends are largely consistent at each resolution. The
weekly method is less noisy and has tighter uncertainty, since the sample sizes each week are
larger. Therefore, the temporal trend in the weekly method can be easier to interpret than the
daily method, particularly when case numbers are low, such as after 01/03/2021. However, the
uncertainty in the weekly CFR does not reflect the volatility of the daily values (due to the
smaller numbers of daily observations).

3.1.3 Instantaneous versus overall. The CFR can either be considered as an instanta-
neous estimate or overall estimate. The overall estimate does not necessarily give a good indi-
cator of the current risk, since it is heavily biased by historic values. In Fig 4, we plot the
overall and the daily instantaneous estimates, using the forward and backward methods. Dur-
ing the first wave, we see that the lack of testing led to very high values in both estimates. This
prolonged period where deaths made up a very high proportion of tests leads to the overall
CFR overestimating the current risk, since this causes a significant upwards bias. To account
for this, we could remove the first wave from the modelling. However, we would then encoun-
ter issues on how to truncate the data streams, since there is no prolonged phase with no cases
and no deaths. Looking at the temporal trend in the overall CFR, we see a declining risk since
the first wave. However, this again is driven by the high CFR during the first wave. As the daily
analysis has shown, the CFR dropped over summer, when prevalence was very low, before
steadily rising into the winter. In 2021, the CFR then started to drop, since the vaccination
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Fig 4. Comparing daily instantaneous CFR to daily overall CFR, using PHE data. The left panel shows the forward methods, and the right panel shows the backward
methods.

https://doi.org/10.1371/journal.pcbi.1010554.9004
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programme was rolled out to care home residents and the prevalence started dropping due to
lockdown. The overall estimate does not shine a light on any of these trends, instead suggesting
the false signal that the risk has been steadily declining. One advantage however of using the
overall method is the uncertainty is significantly reduced. Since this is looking at the CFR of all
cases up to a given date, the sample size is very large, so we can be confident that the estimate
is close to the true overall CFR. The main issue is in how this estimate is interpreted—it is a cal-
culation of the mortality of all historic cases, rather than a reflection of current mortality risk.
Although a measure of overall mortality, the overall CFR may be unreliable for comparing
overall mortality across sources that follow distinct epidemic trends, since the estimates may
be subject to difference biases (see Section 3.2.5).

3.2 Operational results

In Section 3.1 we compared the different methods for estimating the CFR. In this section, we
apply these methods for different operational purposes, looking at how different data sources
affect the CFR estimates, how the CFR varies across age groups and regions, and how the type
of care provided affects the CFR.

3.2.1 Temporal trends in the care home CFR. In Fig 2, we plotted the temporal trend in
the daily instantaneous CFR across the whole pandemic. Combined with Fig 3, which contains
the weekly CFR estimates across the pandemic, we can investigate the temporal trends in
severity. Early in the pandemic, the CFR estimates are very high (over 60%). This is likely
driven by lack of testing, leading to unreliable estimates. From April, more routine testing was
started, which reduced the CFR, dropping to around 15% by May 2020. Over summer 2020,
the CFR dropped further to below 10%, likely driven by a combination of epidemic phase bias
[24], false positives [25, 26], and high-frailty individuals potentially dying earlier in the
pandemic.

The CFR jumped up in September 2020 to around 20%, before rising steadily to 30% by
December 2020. The main driver of this steady rise seems to be different timings in outbreaks
across the English subregions (Section 3.2.5).

In late December, the CFR increased again, which was likely driven by the increased sever-
ity of the alpha variant relative to the previously circulating variants [19], though could also be
driven by the increased growth rate of the alpha variant [27], which will lead to epidemic
phase bias [24].

From January 2021, the CFR rapidly declined to 13% by the end of February 2021. The
major driver here is vaccine effect, which reduces the severity of confirmed cases. However,
epidemic phase bias and false positives could be contributing to the decline, so the precise
influence of vaccination on CFR cannot be readily extracted.

Since March, the CFR has plateaued at 13%. The uncertainty in the estimate has increased/
decreased in line with prevalence, but the central estimate has remained relatively constant.
This suggests mortality risk remains relatively high amongst this cohort, though substantially
better than pre-vaccine.

During August 2021, there appears to have been a slight bump in the CFR, where it
increased slightly before decreasing back down to the 13% plateau. This occurs around the
same time as a rise and fall in cases in care home residents. Therefore, this bump is likely
caused by the epidemic phase bias [24].

3.2.2 Data source variation. When estimating the CFR, we have two unique data sources
for deaths: PHE time series and CQC time series. Here, we compare the temporal trends in the
CFR in English care homes across the two data sets (Fig 5).
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Fig 5. Comparing estimates derived from the CQC data to the PHE data. Since the CQC data uses date of report, we have strong weekend effects in the backward
method, so also look at the 7-day rolling average (A). The forward method does not exhibit the weekend effects, since this method smooths through nearby CFR
estimates, so the 7-day rolling average is not necessary here (B). When comparing forward and backward (C) and (F), we use a 14-day time shift, since this is the expected
delay used from testing positive to reporting death. In (D) and (E) we plot the PHE estimates for comparison.
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What immediately becomes apparent when using the CQC data is strong daily fluctuations
in the backward CFR, with estimates fluctuating between 0.05 and 0.4 in the space of a couple
of days. This makes it hard to identify any temporal trends. Instead, we can consider a smooth-
ing of the temporal trends, such as calculating the rolling average. In Fig 5, we consider the
7-day rolling average, since this allows any day-of-week effects to be smoothed. The resulting
curve is much smoother and allows us to investigate the temporal trends. Comparing this to
the PHE backward method, we see very similar temporal trends in the CFR for the first year of
the pandemic. There is a slight lag in the early stages of the pandemic since this is before CQC
started reporting deaths via COVID-19 status. The CQC CFR experiences potentially slower
growth during Autumn 2020, offset by faster growth in December 2020, though the confidence
intervals of the two curves overlap throughout this period.

Using the forward method, we do not observe the day-of-week based fluctuations in the
CFR. This is because of the assumption made in Section 2.2.1, where we assume that CFR vari-
ations over small timescales are negligible. Comparing the rolling average to the raw CFR, we
therefore observe very little difference, since the raw CFR is smoothed during the calculation.
Comparing the forward method to the PHE data, we again see similar trends for most of the
time series.

Comparing the forward and backward methods for the CQC data, we again observe a shift
in the time series. When approximating the delay distribution from testing to death report, we
take the shape parameter from the testing to death delay, but increase the scale parameter to
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Fig 6. Comparing the CFR within different age groups of care home residents, using the weekly backward method and PHE data.

https://doi.org/10.1371/journal.pchi.1010554.9006

increase the expected delay by 4 days, to allow for delays in death reporting. Therefore, the
expected delay is around 14 days. Shifting the backward method by 14 days earlier, we see
good overlap between the forward and backward methods, again showing that transforming
the backward methods by the expected delay allows us to compare the forward and backward
method.

Whilst the CQC CEFR has been consistent with PHE across the first year of the pandemic, in
early 2021 the trends have significantly diverged as the prevalence dropped. After May 2021, as
prevalence started to rise again, the trends have become consistent.

3.2.3 Impact of age. With the severity profile of COVID-19 rapidly increasing with age,
looking at the CFR in different age groups of care home residents may be important. Here we
stratify residents into three age groups: 65-74, 75-84, and over 85. In Fig 6 we plot the weekly
instantaneous CFR, calculated using the backward methods and PHE deaths data. Here, we
see a clear increase in CFR as the age group increases, with a December 2021 peak in the oldest
age group around 35%, 25% in the middle age group, and 15% in the youngest age group.
These differences between the CFR across age groups are significant at the 95% level, as shown
by the risk ratio calculation in Fig A1 in S5 Text. All age groups see CFR declining from Janu-
ary 2021. Prior to this, the CFR in the 65-74 age group was constant. The CFR in the other two
age groups increased gradually from September 2020.

3.2.4 Type of care. A potential covariate affecting the CFR is the type of care given within
the care home. Under the classification of the CQC, we have both residential care homes with-
out nursing and residential care homes with nursing. Where residents have regular nursing
care, we would expect a demographic with higher frailty, due to the regular care needs.
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Therefore, a higher CFR might be observed within such care homes. In this section, we investi-
gate how type of care influences the CFR. Each test and death can be linked to a specific care
home. Through this linkage, we identify type of care through a master list of care homes,
which describes the location and type of care provided. This enables us to construct two inde-
pendent time series, one for tests and deaths with nursing and the other for tests and deaths
without nursing, from which we can estimate the CFR with and without nursing.

Looking at the daily instantaneous CFR (Fig 7A), the temporal trends are similar for both
types of care, with no significant difference in the daily CFR. The central estimate of the CFR
for care homes with nursing is consistently slightly higher than in homes without nursing, sug-
gesting a potential increased risk. However, the high level of uncertainty makes this unclear.
To reduce uncertainty, we can use the weekly instantaneous CFR (Fig 7B). Here, the central
estimate is clearly higher for care homes with nursing than without nursing. However, the dif-
ference is only small, and is only significant (at the 95% level) for one week across the whole
epidemic. Looking at the overall CFR (Fig 7C), we see that in the last few months, the overall
CFR has become significantly higher in care homes with nursing than without, with a CFR
around 28% relative to 25%. Therefore, although at a given point in time the risk of mortality
in care homes with nursing is not significantly larger, over the time course of the epidemic
there has been increased mortality in such care homes. However, this small difference in the
CER between the two types of care suggest that it does not have a substantial impact on resi-
dents’ outcomes. These results are verified using risk ratio calculations in Fig A2 in S5 Text.
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3.2.5 Regional variation. Between countries, we might expect substantial differences in
care home case fatality risks, as different countries may have different care policies and differ-
ent demographics requiring care. Similarly, within a country, different regions could have vari-
ations in their care home CFR. This could be driven by differences in care provisions,
demographic differences between regions affecting the frailty and age distribution of residents,
and the severity of local outbreaks. In this section, we investigate how the case fatality risk var-
ies across different NHS regions in England. We analyse both temporal trends for each region,
using instantaneous CFR estimates, as well as the overall CFR. Temporal trends allow us to
investigate whether different regions have different trends, some of which is to be expected,
since the CFR is linked to local incidence, and different regions have different epidemic time
series. The overall trends allow us to compare overall mortality across the regions, but may not
be robust since testing behaviour has changed substantially between the first and second
waves, which can bias the overall CFR.

Looking at regional data, the number of observed cases and deaths each day is much lower
than at national level, because of the smaller number of care home residents in each region.
Therefore, we opt to use the weekly instantaneous CFR rather than daily, since this will provide
a more stable signal with lower uncertainty. In Fig 8 we compare the regional weekly CFR, esti-
mated using the PHE data with the backward method, to the national average, to identify
where regional trends differ from national trends (Fig 9 shows the same for CQC deaths data).
These figures are supported by risk ratio analysis in Figs A3 and A4 in S5 Text. For most
regions, the regional CFR follows a similar trend to the national CFR, with high values during
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Fig 9. Comparing weekly CFR trends across English regions, using CQC data and the backward method. Each panel contains the regional trend and the national
trend.
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the first wave, a trough during summer as the testing volume increased (and some of the frail-
est individuals had already died during the first peak), rising during the second wave, and
declining in 2021. In the North East, the CFR increased in Autumn 2020 much earlier than the
national average, correlating with more cases in the local care homes. Over the most recent
months, the local CFR agreed with the national CFR. However, the decline in the North East
has not been as pronounced as the national CFR. On the other hand, the CFR in London has
been substantially lower than the national CFR across most of the pandemic, which could be
caused by London being hit particularly badly during the first wave, when testing rates were
lower, with many high frailty residents potentially dying without becoming a confirmed case.
The remaining regions follow the national trend more closely, with some discrepancies based
on the timings of the local outbreaks. In many regions, the CFR from October to January is
much flatter than the national CFR, suggesting there is little temporal change in CFR on these
spatial scales. This suggests that the national trend, whereby CFR is gradually increasing, could
be driven by the different timings in the regional outbreaks, so that the CFR is averaged across
high CFR and low CFR regions, rather than any genuine increase in the mortality risk. Most
regions observe a small rise in CFR in December, which could be driven by increased severity
of the B.1.1.7 variant [19]. The CQC deaths data (Fig 9) lead to similar conclusions. Using risk
ratio calculations (Fig A4 in S5 Text), all regions except North East and Yorkshire have periods
of both significantly increased and decreased risk relative to the national average. From the
trends in Fig 9, there is no consistent pattern. These significant differences are likely driven by
slight differences in the reporting delay distribution for care homes in each region compared
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Table 1. Overall CFR as of 27/09/2021 in each region of England, using the backward method and PHE data.

Region Overall CFR

Yorkshire and Humber 0.258 (0.250, 0.265)
East Midlands 0.248 (0.240, 0.256)
East of England 0.282 (0.275, 0.289)
London 0.266 (0.256, 0.276)
North East 0.275 (0.265, 0.285)
North West 0.247 (0.241, 0.253)
South East 0.257 (0.251, 0.263)
South West 0.241 (0.233, 0.249)
West Midlands 0.247 (0.240, 0.255)

https://doi.org/10.1371/journal.pchi.1010554.t001

to the national average, leading to the adjusted denominators being slightly mismatched.
North East and Yorkshire however shows a consistently significantly increased risk relative to
the national average during Summer 2020 and Spring 2021, which agrees with the analysis
based on PHE data.

In Table 1, we report the overall CFR as of 27/09/2021 for each region in England. This pro-
vides a picture of the overall mortality with COVID-19 in care homes for each region. How-
ever, this does not provide a reliable comparison between regions. The instantaneous
estimates in Figs 8 and 9 show that London has perhaps the lowest CFR across most of the
time series. However, the overall CFR for London is the third highest. This seems to be driven
by the overall CFR being more heavily biased towards the first wave in London, resulting in a
higher overall CFR due to the lower rate of testing during the first wave, despite recent instan-
taneous estimates being far lower than many other regions. This demonstrates why instanta-
neous CFR estimates are more reliable than overall estimates.

4 Discussion

The case fatality risk is a key indicator for monitoring the impact of a pandemic. The high
mortality of elderly individuals has posed a particular challenge for care homes in England. To
help address this challenge, we have monitored the case fatality risk in English care homes
throughout the pandemic. In this paper, we presented a variety of methods, both existing and
novel, for estimating the case fatality risk. We discussed and compared these methods, before
applying them to investigate the case fatality risk across English care homes. This work has
been important, as prior to its implementation, the working assumption of care home CFR in
England was taken to be as low as 10%, since it was estimated during the summer. However,
our research suggested that at its peak the CFR reached 30%, which is a substantial increase,
and shows the importance of investigating temporal trends in mortality risk.

The typical method for estimating the CFR is the “cohort” method, which requires line-list
data linking cases to deaths. This method is easy to apply and interpret, but such data are often
not readily available. When only time series data are available, the typical method is the “back-
ward” method. Whilst this method is easy to apply to time series data, it is not as easy to inter-
pret as the “cohort” method. To address this, we developed a novel “forward” method, which
acts as an approximation to the “cohort” method that can be estimated from time series data
rather than line-list data. Through comparing these methods, we found the forward method to
be a good approximation to the cohort method. However, one of the assumptions in the con-
struction of the forward method yields a smoother temporal trend than the cohort method, so
the daily variability in CFR is not reflected, which is important when reporting varies between
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weekday and weekend. However, the smoothing can make it easier to identify the overall
trend. The backward method on the other hand captures a similar scale of daily variability, but
appears to be temporally shifted forward in time. We have shown that this temporal shift is
approximately equal to the mean delay from testing positive to death. Therefore, by shifting
the backward method backward in time by this mean delay, we can approximate the cohort
method.

These methods concern the daily-instantaneous CFR, which estimates the CFR on a given
day (either by cases testing positive on that day or individuals dying on that day). This gives a
high-resolution temporal trend, which would allow changes in CFR over small time scales to
be picked up. However, if the number of observations is very low, these estimates can be highly
uncertain with lots of day-to-day volatility, which can make it hard to interpret the temporal
trends. To address this, we developed novel methods for estimating the instantaneous CFR
with a weekly rather than daily aggregation, using both backward and forward methods. The
resulting methods significantly reduce the uncertainty and volatility in the CFR estimates,
making it easier to interpret the temporal trends. This can be vital during a pandemic, when
we need to quickly identify whether, for example, a new variant is likely to lead to increased
mortality in care home residents. In addition to weekly aggregating, these methods can be
applied to any number of days, so fortnightly or monthly CFR estimates can also be generated,
for example.

The final approach often used when investigating the CFR is the overall CFR. Where the
instantaneous methods estimate the risk in a given time frame, the overall methods estimate
the CFR up to a given point in time. Backward approaches are often applied to estimate the
overall CFR. We therefore develop a novel forward approach for comparison. One advantage
of the overall method is that through aggregating all mortality up to a given point in time, the
number of observations is maximised, which reduces the uncertainty of estimates. However,
since this considers all mortality to date, it is highly sensitive to changing testing rates over
time. We have shown that in England, the initial instantaneous CFR was very high due to low
testing rates. These very high initial values skew the overall CFR for all future time points,
resulting in overall CFR estimates that do not provide much insight into the current mortality
risk.

These conclusions regarding the relative effectiveness of each level of aggregation are con-
text specific. For English care homes, the weekly resolution was sufficient to give easily inter-
preted trends whilst remaining flexible enough to detect temporal changes. In scenarios with
higher daily incidence, the clarity of the daily resolution would improve, and therefore may be
optimal for detecting temporal changes. Conversely, with lower incidence, even weekly resolu-
tion may be too fine, requiring monthly aggregation, for example. Instead of treating each esti-
mate as independent, smoothing methods or multi-level approaches could be used to obtain
smooth trends in the presence of high volatility. However, since this paper focused on methods
for correctly adjusting the numerator and denominator in the CFR calculation, we did not
consider these here.

To apply the forward and backward methods, we need to estimate the delay distribution
from testing positive to death. To do this, we apply a truncation-corrected maximum likeli-
hood estimation model to PHE line-list data (S2 Text). Through this, we have generated esti-
mates for the mean delay (and standard deviation) from testing to death for individuals testing
positive during each month of the pandemic. We observed that during the first wave the delay
was quite short, since individuals were only tested if they were severely ill, due to shortage of
tests. Since mass testing has been rolled out in care homes, the mean delay has increased (from
around 8 days to 12 days). After this, the delay has remained relatively stable over time,
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suggesting that the disease progression, conditional on severity, has not changed significantly
with the emergence of new variants.

In application to COVID-19 mortality in care homes, we have shown that the presented
methods can be used in conjunction with each other, to validate results and ensure overall
trends are reliable. We see that the cohort, backward, and forward methods produce broadly
similar results to one another, subject to smoothing and shifting. Additionally, different meth-
ods can be selected to address different objectives. To illustrate this, we applied the methods to
investigate different aspects of the case fatality risk in care homes.

Firstly, we analysed two separate data sources for deaths data: PHE, by date of death, and
CQGC, by date of report. With the PHE data, it is possible to use the cohort method since the
data are linked. For the CQC data however, only time series are available, illustrating why the
backward and forward methods are powerful. We found that the two data sets produced simi-
lar results across most of the epidemic. However, the major difference is the daily volatility in
the CQC-derived CFR. This is caused by the CQC death time series using date of report rather
than date of death, which leads to strong weekend effects in the data. Additionally, as preva-
lence dropped during January 2021, the trends started to diverge. As prevalence started to rise
from May 2021, the CFRs started to converge again. This is likely to be caused by the assumed
delay distributions struggling to capture the long tail of the delay from death to death-report-
ing, which is most apparent after a peak, since prevalence is dropping rapidly. However, in the
absence of data on the shape of this delay, it is hard to adjust for. Therefore, when possible,
date of death data are more reliable for estimating the instantaneous CFR.

Across all methods and data sources, we see that the early estimates for the CFR are much
larger than the later estimates. This can partially be explained by the relative lack of available
testing early in the pandemic, but it could also be the case that many of the frailest care home
residents died during the first wave and that treatments have improved over time [28, 29]. We
also notice that during the summer months of 2020, when prevalence of the disease in England
was particularly low, that the estimates of the CFR decreased, but the uncertainty increased sig-
nificantly in both the forward and backward methods, because of the small numbers. To some
extent, we see that the CFR curve correlates with the total cases and total deaths curves. In par-
ticular, the peaks of each curve (although less pronounced for the CFR) occur concurrently.
The main driver in this case appears to be different outbreak timings across spatial scales. The
relationship between prevalence and CFR is not as strong in the regional CFR estimates.
Instead, when outbreaks start to take off in each region, we notice the CFR shooting up from
the low summer levels to higher values. This is expected, since due to the declining epidemic,
most individuals were likely to be at the tail end of their infectious period, and therefore
unlikely to die [24], driving down the CFR. The mass testing programme that began over the
summer will have exacerbated this fundamental bias in the CFR. As outbreaks started taking
off, new infections appeared, causing the CFR to grow again [24]. This growing CFR could
also have been caused by the gradually increasing frailty of care home residents, after the most
frail residents died during the first wave, and by the reduced impact of false positives when
prevalence is high [25, 26]. The peak CFR in the second wave is reached in December, with the
national estimate around 30%, showing the high disease severity experienced by care home
residents.

After January 2021, the CFR started to rapidly decline in both the regional and national
analyses. This decline is mostly driven by the vaccination rollout. The vaccination prioritised
care home residents initially, which led to the rapid reduction in mortality risk in this cohort.
Although we can see a clear vaccine effect on the CFR, we cannot directly measure the impact
of the vaccination. This is because, with cases coming down due to the national lockdown on
5th January 2021, the other factors that led to the gradual increase in CFR from September
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2020 could be contributing to the decline. From March 2021, the CFR started to plateau at
around 11%, and has remained constant since. This shows the significant impact of the vaccine
programme. It is important to note that this 11% mortality rate is using the PHE 28-day death
definition. This includes all mortality within 28 days of a positive death, and therefore will
include the high baseline mortality in this cohort, where life expectancy is normally between
1-2 years [30]. Separating this baseline mortality from COVID-19 mortality is beyond the
scope of this paper.

In addition to explaining the temporal trend in the English CFR, region-specific estimates
are vital for understanding local risk, since demographics are not consistent across regions and
have a clear impact on both the prevalence and mortality of the disease. This regional variation
is apparent in the data. Using the backward method at weekly intervals, we have shown signifi-
cant variation in CFR curves by region over both data sources. Specifically, we see that the
CER for London generally tracks below the national curve (after the first wave, during which
CFR was unreliable due to low testing rates), whereas the North-East tends to track above, par-
ticularly in the CQC data.

Care homes may vary in the type of care provided and in the age of residents. Therefore, we
estimated the CFR in different age groups of care home residents. We found that the 65-74
age group had the lowest CFR, followed by the 75-84 age groups, with the 85+ age group hav-
ing the highest CFR. This is consistent with the general understanding of increased severity
with age and the increased prevalence of multi-morbidity and frailty, which makes this group
especially susceptible to death with COVID-19. Therefore, some of the regional differences in
CEFR could easily be driven by different age distributions of the local residents. To investigate
type of care, we stratified care homes into whether they include nursing care. We found some
evidence of increased CFR in care homes with nursing than without, as we might expect due
to the increased prevalence of frailty and multi-morbidity in residents. However, the increase
was small, suggesting that the main risk factor in COVID-19 mortality for care home residents
is age. Note that the type of care analysis did not adjust for age. If the age distribution of resi-
dents varies significantly between care homes with and without nursing, type of care could
have a different effect.

We have also demonstrated that the overall CFR is insufficient to capture the full picture of
the mortality of COVID-19 in care homes in England. The temporal variation in the CFR is
significant, so use of the overall CFR can be considered biased and/or outdated. The significant
temporal variation means that any single value for the CFR may be unreliable when interpret-
ing risk and, in particular, when forecasting how cases will transform into deaths, which is
important for managing outbreaks. Therefore, the instantaneous CFR is necessary for under-
standing outbreaks in real time.
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