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Abstract

Background Near-real time surveillance of excess mortality has been an essential tool during the COVID-19 pan-
demic. It remains critical for monitoring mortality as the pandemic wanes, to detect fluctuations in the death rate
associated both with the longer-term impact of the pandemic (e.g. infection, containment measures and reduced
service provision by the health and other systems) and the responses that followed (e.g. curtailment of containment
measures, vaccination and the response of health and other systems to backlogs). Following the relaxing of social
distancing regimes and reduction in the availability of testing, across many countries, it becomes critical to measure
the impact of COVID-19 infection. However, prolonged periods of mortality in excess of the expected across entire
populations has raised doubts over the validity of using unadjusted historic estimates of mortality to calculate

the expected numbers of deaths that form the baseline for computing numbers of excess deaths because many
individuals died earlier than they would otherwise have done: i.e. their mortality was displaced earlier in time to occur
during the pandemic rather than when historic rates predicted. This is also often termed “harvesting”in the literature.

Methods We present a novel Cox-regression-based methodology using time-dependent covariates to estimate
the profile of the increased risk of death across time in individuals who contracted COVID-19 among a population
of hip fracture patients in England (N=98,365). We use these hazards to simulate a distribution of survival times,

in the presence of a COVID-19 positive test, and then calculate survival times based on hazard rates without a posi-
tive test and use the difference between the medians of these distributions to estimate the number of days a death
has been displaced. This methodology is applied at the individual level, rather than the population level to pro-
vide a better understanding of the impact of a positive COVID-19 test on the mortality of groups with different
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tion of public health data in England and globally.

vulnerabilities conferred by sociodemographic and health characteristics. Finally, we apply the mortality displacement
estimates to adjust estimates of excess mortality using a “ball and urn” model.

Results Among the exemplar population we present an end-to-end application of our methodology to estimate

the extent of mortality displacement. A greater proportion of older, male and frailer individuals were subject to signifi-
cant displacement while the magnitude of displacement was higher in younger females and in individuals with lower
frailty: groups who, in the absence of COVID-19, should have had a substantial life expectancy.

Conclusion Our results indicate that calculating the expected number of deaths following the first wave

of the pandemic in England based solely on historical trends results in an overestimate, and excess mortality will
therefore be underestimated. Our findings, using this exemplar dataset are conditional on having experienced

a hip fracture, which is not generalisable to the general population. Fractures that impede mobility in the weeks
that follow the accident/surgery considerably shorten life expectancy and are in themselves markers of signifi-
cant frailty. It is therefore important to apply these novel methods to the general population, among whom we
anticipate strong patterns in mortality displacement — both in its length and prevalence - by age, sex, frailty
and types of comorbidities. This counterfactual method may also be used to investigate a wider range of disrup-
tive population health events. This has important implications for public health monitoring and the interpreta-
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Introduction

During the COVID-19 pandemic near-real time surveil-
lance of excess mortality has been an essential tool for
detection of increased and unexpected mortality in many
countries [1-5]. It is sensitive both to direct and indirect
effects of the pandemic and is not dependent on COVID-
19 testing patterns [6]. It provides information for managing
the timing and extent of COVID-19 containment measures,
planning for increased demands placed on health services,
and remains critical for monitoring longer-term impacts of
the pandemic on specific causes of mortality [7].

Excess mortality compares observed mortality with
expected mortality, where expected mortality is com-
monly estimated using historic mortality rates. How-
ever, the pandemic has resulted in prolonged periods
of mortality in excess of the number expected across
the entire population. Without substantive peri-
ods of respite from waves of infection there has not
been a ‘catch-up period’ long enough for deaths to
return to the level expected based on pre-pandemic
trends. Therefore, estimates of the expected number
of deaths (and therefore excess deaths) beyond the
first wave of the pandemic are increasingly unrelia-
ble for several challenging reasons, some of which we
address in this paper:

1. Deaths due to COVID-19 occurred among individu-
als who would otherwise have been expected to live
longer [8].

2. People with co-morbidities were more likely than
others to die early following COVID-19 infection.
Reported mortality rates from these causes (e.g.,
acute coronary syndrome) will be lower, both during

and after the pandemic, than they would have been
in the absence of the COVID-19 pandemic [9, 10].

3. Conversely, some elective surgery or other types of
treatment for co-morbidities were postponed dur-
ing the pandemic, reducing the number of deaths
expected to have occurred as a consequence of the
surgery during the pandemic. However, delays in
treatment might lead to higher long-term mortality
from the affected conditions [11-13].

4. Disruption to normal life, during what has proved to
be a lengthy pandemic, is likely to have affected levels
of mortality and made the use of historic rates less reli-
able in estimating expected numbers of deaths. This
disruption includes mobility restrictions, suppression
of non-COVID-19 infections such as influenza, on-
going public reticence to engage with health services,
and the unknown effects of surviving COVID-19
infection on long-term mortality risk [14, 15].

For reasons 1-2, estimates of expected mortality are
distorted by substantive and sometimes complex ‘mor-
tality displacement’ due to COVID-19. Establishing an
accurate prediction of expected deaths is crucial for rou-
tine surveillance as well as monitoring the ongoing and
longer-term impacts of the pandemic. In this paper we
focus on the displacement of mortality experienced by
those who had a positive COVID-19 test result.

To date, population level model-based approaches that
aim to estimate short term displacement of mortality fol-
lowing an exogenous shock have typically involved the
use of Poisson or Quasi-Poisson non-linear time-lag mod-
els [16, 17]. However, the extent to which an individual’s
mortality is displaced is dependent on their underlying
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risk of mortality prior to infection. Furthermore, in the
COVID-19 pandemic, unlike a community-wide tempera-
ture shock in which the whole population is ‘at risk; it is
only once an individual has contracted COVID-19 that
they suffer a markedly increased risk of their death being
brought forward. Thus, an effective analysis must focus on
the mortality of individuals in relation to rapid changes in
their underlying risk profile with time and none of the pre-
vious methods naturally extend to encompass this possibil-
ity. Furthermore, the complex setting of repeated waves of
COVID-19 infection affecting different individuals makes
it difficult to apply any simple interpolation method.

In this paper, we use an exemplar dataset of patients
from the English National Hip Fracture Database
(NHFD) to adopt a Cox-regression-based methodol-
ogy using time-dependent covariates to estimate the
profile of the enhanced risk of death across time in indi-
viduals who contracted COVID-19 [18, 19]. This general
approach can be applied to any adverse event-based out-
come (death being just one example) that follows any ‘at-
risk’ defining event (here it just happens to be developing
COVID-19), to investigate impacts by time or by cause.

The hip fracture population represents an ideal cohort
in which to study mortality displacement for several
reasons. Firstly, hip fracture represents one of the most
common serious injuries in older people following which
the mortality rate is high [20], which we anticipate will
produce relatively short mortality displacement estimate
times falling within the follow-up time-period available
for Cox modelling — i.e. a large number of individuals
who sustained a hip fracture could be expected to have
died during the available follow-up time, regardless of
whether they contracted COVID-19. Secondly, most
individuals sustaining a hip fracture will be treated as a
hospital inpatient where the risk of nosocomial exposure
to COVID-19 was high, and we can have greater confi-
dence in accurately capturing the timing of early COVID-
19 infection compared to a community-based cohort,
particularly during the first wave of the pandemic where
community testing was not established. Thirdly, data for
hip fracture patients in England are collected mandatorily
by the NHEFD as part of The Falls and Fragility Fracture
Audit Programme (FFFAP), commissioned by the Health-
care Quality Improvement Partnership (HQIP) and man-
aged by the Royal College of Physicians (RCP). As such,
a wealth of individual level data is available (allowing for
risk adjustment) for this cohort through linkage of NHFD
data to established national data sources which are uti-
lised in this study. Whilst we fully acknowledge that the
mortality displacements seen in this population are not
generalisable to the full English population, the hip frac-
ture population is used as an ‘exemplar’ to demonstrate
the end-to-end application of the methods presented.
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Methods
Overview
We describe a novel method for estimating mortality dis-
placement and how this is applied to adjust existing esti-
mates of expected, and therefore excess mortality. We do
not describe methods for modelling excess mortality in
this paper. Instead, we describe how to use estimates of
mortality displacement to adjust any existing estimate of
excess mortality.

Methods for estimating mortality displacement are
described in three steps.

1. Firstly, we estimate the combined hazard (risk of
death) at every time-point for each individual in the
modelled population who tested positive for COVID-
19 (as it is only those individuals who developed
COVID-19 that can have their death displaced by
COVID-19) using a fitted Cox proportional hazards
model. The Cox model is fitted based on all indi-
viduals in the population (not just those who tested
positive for COVID-19) to allow the contribution of
sociodemographic and health characteristics to mor-
tality to be more precisely estimated. We use the hip
fracture population as an exemplar population in our
method rather than the whole English population.
The model based on the hip fracture data describes
the risk of death over time since the date of occur-
rence of hip fracture for each individual; the resulting
hazards described by the model are, therefore, condi-
tional upon suffering a hip fracture and are not gen-
eralisable to the full English population but allow the
methodology to be demonstrated.

2. Secondly, for each individual in the modelled popula-
tion who tested positive for COVID-19, we use the
derived hazards to simulate a distribution of survival
times, first in the presence of a COVID-19 positive
test and, second, under the assumption that the same
individuals had not tested positive. We use the dif-
ference between the median survival times for these
two simulated scenarios to estimate the mortality
displacement — i.e. number of days a death has been
displaced.

3. In the final step, the mortality displacement estimates
are then aggregated within sociodemographic and/or
health characteristic groups that correspond to those
used in existing population estimates of expected
mortality in the population (e.g. by age, sex, and eth-
nicity groups). The aggregated distributions of mor-
tality displacement estimates are then used to adjust
estimates of excess mortality in the general popula-
tion using a discrete probability model (which we
refer to as a "ball and urn” model). The above steps
are described in detail below.
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Estimating the combined hazard

Cox proportional hazards model Cox proportional haz-
ards models (“Cox models”) are first used to explore the
impact of demographic and health-related determinants
on the risk of all-cause mortality in individuals in the
defined study population [21]. The data structure must
include the date of first COVID-19 positivity and the date
of death, enabling models to disentangle and quantify
the profile over time of the factors that increased risk of
death following a positive COVID-109 test.

Cox models partition the risk of death at any given time-
point in the follow-up of a defined population of indi-
viduals into two components: (1) the fluctuating baseline
hazard that, at any specified time, has a single value
applying to everybody in the population; (2) the relative
risk of death which is specific to each individual and is
determined by the constellation of personal risk factors
that that individual exhibits. The term hazard of death
refers to a measure of the risk of death at a single point in
time. The baseline hazard is analogous to the intercept/
constant in a conventional regression model, but instead
of a single value it exhibits different values at each dis-
tinctive follow-up time. Mathematically, it estimates the
hazard of death at a given time-point for a hypothetical
individual in whom all Cox model covariates take the
value zero. In order to obtain the overall risk of death
for a particular individual at that same time-point, the
baseline hazard is multiplied by the product of the esti-
mated multiplicative risks associated with all covariates
that take values other than zero at that time-point in that
individual.

Cox model covariates fall into two classes. Most
are time-fixed: they have the same multiplica-
tive effect on the hazard throughout follow-up. For
example, as sex status remains unchanged through-
out follow-up, a sex covariate is usually time-fixed.
The other class is time-dependent. Here, the value
of the covariate may change over time, or the covari-
ate may remain fixed, but its estimated relative risk
is allowed to change. The simplest covariate whose
value may vary over time is the binary step function.
At the start of follow-up this typically takes the value
zero until a specified event occurs when it switches
to one; it may return to zero at a later time. Binary
step functions are central to our analysis. The time-
dependent COVID-19 covariates all take a value zero
when follow-up starts. As soon as any individual
has a positive COVID-19 test their first COVID-19
covariate switches to value one. Two weeks later the
first covariate switches back to zero and the sec-
ond switches to one, while at four weeks the second
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switches back to zero and the third becomes one .....
etc. Having adjusted for all other modelled covari-
ates, the coefficient associated with the first COVID-
19 covariate reflects the multiplicative increase
of death risk in the first two weeks after a positive
COVID-19 test. Similarly, the second estimates the
increased risk during weeks two to four etc. To be
strictly formal the coefficients actually estimate the
natural logarithm of the relative risks and require
exponentiation to generate multiplicative effects.

By fitting a Cox model to the defined study popula-
tion, we can obtain all analytic components needed
to comprehensively interpret the survival profile of
individuals and to tease out the temporal pattern of
increased risk associated with COVID-19 infection.
These key components are all captured in Eq. 1:

A = Ao(0)elrFe)

Equation 1: Estimating the overall death hazard in individual i at failure time ¢
1)

A failure time is a time-point in the follow-up where
at least one individual dies. Equation 1 denotes the
overall death hazard in subject i at time ¢ as A(¢);. It
is obtained by multiplying the baseline hazard at time
t, i.e. 1y(t) (shadedin blue), by the impact of all
time-fixed  covariates,, (xz;"fr)  (shaded in green),
and again by the impact of all time dependent covari-
ates, ( ). In the term

e(xFiT’gF), xr; refers to a vector of values for all the
time-fixed covariates in subject i, Sr refers to the cor-
responding vector of time-fixed Cox regression coef-
ficients. In this formula the superscript 7' corresponds
to the mathematical operation “multiply each covari-
ate value by its corresponding coefficient and sum all
the results”. Finally, exponentiation as denoted by e,
renders the impact of each coefficient multiplicative.
The equivalent term for the time dependent covari-
ates has the same interpretation except that
the notation xp;(¢) indicates that the value of each time
dependent covariate must be evaluated at time £.

Cox models were all fitted using the coxph() function
in R (“R: A Language for Data Analysis and Graphics’,
version 4, Vienna, 2022). The basehaz() function in R is
generally used to estimate the baseline hazard but cannot
be applied to models with time-dependent covariates. We
therefore used the estimator proposed by Breslow [22],
and used our own R code to derive the baseline hazard at
failure time ¢ as the number of failures at time ¢ divided
by the sum of [e (xriT Br) ] across all subjects
alive at time £. Further details of the way in which our Cox
models were fitted and used can be found in Supplemen-
tary Material A. The combined hazard for a hypothetical
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patient in our exemplar population who developed
COVID-19 after a hip fracture is shown in Fig. 1.

Exemplar study population
The Cox model should ideally be fitted on a cohort
including all individuals within the population in which

COVID-19 +ve test
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excess mortality is to be studied. We illustrate the appli-
cation of this methodology using an exemplar population
of patients who sustained a hip fracture. The exemplar
study population included 98,365 patients aged > 60 years
with a single hip fracture between 1/2/2019 and 31/10/20
included in England’s National Hip Fracture Database
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Fig. 1 Simulation methodology
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plot matrix describing simulation methodology for a hypothetical patient who developed COVID-19 infection

5 months following hip fracture.’Combined Hazard - illustrates the combined hazard for death for the example patient’s set of characteristics
under COVID-19 positive test and no positive test scenarios. 'Simulate’ - illustrates the results of the first 20 simulations of a patient’s

survival times under positive test and no positive test scenarios.’Summarise’ - all individual simulation results for the example patient are
summarised as a Kaplan-Meier cumulative survival function. Hazard refers to hazard of death. Relative Risk refers to the impact of the fixed
and time-dependent covariate pattern for any individual. Source: Office for Health Improvement and Disparities, using data from National
Hip Fracture Database (NHFD), Hospital Episode Statistics (HES) and Office for National Statistics (ONS), England. Copyright © 2022, Re-used

with the permission of NHS Digital. All rights reserved
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[18]. This represented 92% of all eligible patients with hip
fractures in England over that period recorded national
Hospital Episode Statistics (HES) [23]. These fracture
data were linked pseudonymously at the level of individu-
als to HES (for patient characteristics and comorbidi-
ties), Office of National Statistics (ONS) mortality data
(to determine date of death) [24], and to English SARS-
CoV-2 antigen testing data (date of first positive COVID-
19 test) to determine the time of testing positive for
COVID-19 relative to the date of hip fracture (COVID-
19 infection may occur before or after hip fracture) [25].
Individuals who sustained more than one hip fracture
during the study period were excluded. Full details of
data preparation, record linkage, and definitions of co-
morbidities and frailty are described in a previous pub-
lication [20]. Date of death was used to derive survival
time in days from the date of hip fracture presentation.
Available patient characteristics and co-morbidities were
modelled as time fixed terms in a Cox proportional haz-
ard model; a time-dependent step function was used to
define timing of an individual’s COVID-19 infection (if it
occurred) relative to each risk-set time. Seasonality was
adjusted for by defining each risk-set time according to
season (spring, summer, autumn, winter) and year.

Ethics approval and consent to participate

Study governance approval was granted by the FFFAP
and UK Healthcare Quality Improvement Partnership
(HQIP) in June 2020 (reference: HQIP286). National
excess death modelling was carried out as part of Pub-
lic Health England’s (PHE, now the Office for Health
Improvement and Disparities (OHID)) responsibility to
manage the COVID-19 pandemic. PHE/OHID have a
legal basis, provided by Regulation 3 of The Health Ser-
vice (Control of Patient Information) Regulations 2002,
to process confidential patient information in order to
monitor the impact of SARS-CoV-2 infection on the pop-
ulation and to respond to the pandemic.

Simulating from the Cox model

Equation 1 allows one to obtain A(t);, the overall hazard
of death for individual i at failure time ¢. This permits
a key inferential question central to a full counterfac-
tual analysis. Specifically: by how much is the expected
survival time reduced for an individual who contracts
COVID-19 (actual life-experience) compared with what
would have been expected had they not contracted
COVID-19 (counterfactual life-experience)? The solu-
tion to this query is obtained by sequentially asking and
answering a more fundamental mathematical question
over a succession of time-points ¢: given that subject 4 is
still alive immediately before failure time t, and regard-
less of whether they actually died or survived at time t,
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what is the probability that individual 4 would die at t
rather than survive through ¢? Mathematically this is a
frequentist probability (i.e. the long-run probability, if
one could keep re-running reality) [26]; when the num-
ber of simulations of failure times for each individual is
large, the asymptotic properties of treating each simula-
tion as an independent replication result in probabilistic
convergence of Eq. 1 to 1 — e(=#®) [21, 22, 27]. The use
of this result in our methodology is further described in
Supplementary Materials B. A worked example of the
derivation of the combined hazard from the Cox model
for an example individual is shown in Table 1 and sup-
ported by Fig. 1.

Using the theory outlined, it is straightforward to
repeatedly simulate the expected date of death of any
given individual in the study population and thereby
to obtain a full probability distribution for that date of
death. We start with individual 4=1 and focus on the
first unique failure time observed in the study popula-
tion (uft;). We generate a pseudorandom number (r)
from a uniform distribution between 0 and 1. If r <
A(1); individual 1 is viewed as having died at uft; other-
wise they pass on to uft, and the simulation process is
repeated, and so on. If subject 1 is ultimately simulated
to have died at the failure time corresponding to time u,
his/her date of death in simulation 1 is declared as u:
i.e. date.of .deathy, ;| = u. If it has been decided, a-pri-
ori, to undertake M simulations the same approach can
now be used to create a total of M independent reali-
sations of the expected date of death for individual 1:
ie. date.of deathy, ), ...., date.of .deathp . Once the
simulations for individual 1 are complete the same pro-
cess is repeated across all N subjects in the study popu-
lation thus obtaining a total of N x M simulated times
of death where date.of .deathy; ;; is the simulated date of
death in the s simulation for the i individual. If at any
simulation an individual survives through every failure
time, they are designated as censored (still alive) at the
last failure time.

Estimation of displacement

Using the theory outlined above and the information
contained in the output of the Cox model and Eq. 1, we
repeatedly simulate and compare the expected survival
profile (for the exemplar hip fracture population, this is
the survival time from the date of hip fracture until the
date of death) of all individuals in the modelled popula-
tion who tested positive for COVID-19 under two dis-
tinct scenarios:

(1) The ‘COVID-19 positive test scenario’ (i.e. what
actually occurred: some members of the study
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Table 1 Worked example of the derivation of the combined hazard of death at example time-points for an individual who sustained a
hip fracture and first tested positive for COVID-19 155 days after fracture

Time-dependent RR contributed by

Combined hazard (x10°) by scenario

' i T ( I
Time | Timerelative to testing B:::;Lr;e R:yct?;:iz:;d testing +ve for COVID-19 (ﬂ.(t) =(t) X e (eri" Br) ¢ o (x0i®"Bp “)
(days) +ve for COVID-19 (x107%) covariates Period specific COVID-19 RR from binary step Combined (multiplicative)
{days) YNG) o (xri" Br) functions® COVID-19 RR COVID-19 +ve test Scenario No COVID-19 +ve test
Coaw Coaw Casw Cotzw e(xpi(®"Bp) Scenario

0 -155 039 7.1 1 1 1 1 1 0.39x7.1x1=2.77 039x7.1x1=2.77
25 -130 03 71 1 1 1 1 1 0.3x7.1x1=213 03x7.1x1=213
50 -105 023 71 1 1 1 1 1 0.23x7.1x1=163 023x7.1x1=163
75 -80 018 7.1 1 1 1 1 1 0.18x7.1x1=1.28 018x7.1x1=1.28
100 -55 015 7.1 1 1 1 1 1 0.15x7.1x1=1.06 0.15x7.1%1=1.06
125 30 012 71 1 1 1 1 1 0.12x7.1x1=0.85 012x7.1x1=085
150 -5 011 71 1 1 1 1 1 0.11x7.1x1=0.78 011x7.1x1=0.78
153 o 71 12 ! ! ! 12 0.11x7.1x12=9.37 011x7.1x1=0.78
162 01 7.1 12 1 1 1 12 0.1x7.1x12=8.52 01x7.1x1=071
169 01 7.1 1 7 1 1 7 01x7.1x7=497 01x7.1x1=071
176 01 71 1 7 1 1 7 0.1x7.1x7=497 01x7.1x1=071
183 01 71 1 1 26 1 26 01x7.1x2.6=185 01x7.1x1=0.71
190 +35 0.09 7.1 1 1 26 1 26 0.09%7.1%2.6 = 1.66 0.09x7.1%1=0.64
197 0.09 71 1 1 1 16 16 0.09x7.1x1.6=1.02 0.09x7.1x1=064
204 0.09 71 1 1 1 16 16 0.09x7.1x1.6=102 009x7.1x1=0.64
211 0.09 71 1 1 1 16 16 0.09x7.1x1.6=102 0.09x7.1x1=0.64
218 +63 0.09 71 1 1 1 16 16 0.09%7.1x 1.6 =1.02 0.09x7.1x1=0.64
225 +70 0.09 71 1 1 1 16 16 0.09%7.1x 1.6 =1.02 0.09x7.1%1=0.64
232 +77 0.09 71 1 1 1 16 16 0.09%7.1x 1.6 =1.02 0.09x7.1%1=0.64
239 +84 0.09 7.1 1 1 1 1 1 0.09x7.1x1=0.64 0.09x7.1%1=0.64

Time points are chosen to highlight the changes in COVID-19 time-dependent risk which occur after testing positive for COVID-19, according to binary step functions
defined by a Cox proportional hazards model. The table illustrates how, at each time point after hip fracture, the combined hazard is calculated by multiplying

the baseline hazard by the relative risk for time-fixed covariates (chosen in this example to include a range of co-morbidities conferring a relative risk of 7.1) and
multiplying again by the relative risk for the time-varying exposure of testing positive for COVID-19

RRRelative risk

2 The relative risk for testing + ve for COVID-19 is described by four binary step functions which ‘turn on’as the individual enters four pre-defined time-windows
of varying COVID-19 risk - namely from 0 to 2 weeks (C,.,,, RR=12.1), 2 to 4 weeks (C_, 4,, RR=7), 4 to 6 weeks (C, 4,, RR=2.6), and 6 to 12 weeks (C¢_;,,, RR=1.6)
following testing + ve for COVID-19 and return to a relative risk of 1 once the individual moves outside the time window defined by the step function

population tested positive to COVID-19 infection).
These simulations are based on the full Cox model.
The ‘no COVID-19 positive test scenario’ (i.e. the
counterfactual scenario: no members of the study
population tested positive to COVID-19 infec-
tion). These simulations are based on the same Cox
model (all non-COVID-19 covariates remain the
same) but with all COVID-19 covariates set to 0 for
all subjects at all times.

2)

Figure 1 — “simulate” shows the results of the first
20 simulations for a hypothetical patient, “summarise”
shows a Kaplan—Meier survival curve derived using all
M simulation results as pseudo-observations. For each
individual, the M simulations reflecting the expected
date of death under the two scenarios is summarised by
their respective medians. The difference between these
two medians, A;, is then a measure of the expected shift
(generally death would have been brought forward to
an earlier time by testing positive for COVID-19) in the
date of death under the actual COVID-19 positive test
scenario compared with the counterfactual no positive
test scenario. The quantity A; may be referred to as the
mortality displacement in individual 4. The median is
chosen to characterise the survival distributions rather

than the mean because survival distributions typically
have long right-hand tails. The rationale for comparing
simulated actual and counterfactual medians is pre-
sented in Supplementary Material C.

In order to estimate the median date of death under
either scenario, the M simulated dates of death (and
censoring statuses to incorporate those that survive
through all failure times) in individual 4 are treated
as if they were M survival times across M individu-
als in a study population and summarised using a
conventional Kaplan—Meier plot. If the Kaplan—
Meier survival function in subject 4 falls below 50%,
the median is obtained as the particular survival
time at which the survival function first dropped
below 50%. On the other hand, if the survival func-
tion never falls to 50% no direct estimate exists for
the median survival time. To address this challenge,
the survival curve is first linearised by taking the
natural logarithm of the survival probabilities. The
last 25% of the curve is then extrapolated based on
the best fitting straight line and the median sur-
vival is identified as the survival time at which that
straight line falls below a log (probability of survival)
of log,(0.5) =-log.(2) ~ -0.693. Further details are pro-
vided in Supplementary Material D.
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Applying the mortality displacements to adjust estimates

of excess mortality

Finally, the distribution of the individually estimated
mortality displacements (A;) is used to adjust the num-
ber of deaths predicted to occur in any given week based
on the conventional methods that had been used pre-
COVID-19 to calculate expected mortality rates in the
general population and thus derive the extent of excess
mortality [6].

For this final step, three sets of metrics are required: 1.
the empirical distribution of mortality displacement gen-
erated through the steps described in the sections above;
2. COVID-19 deaths at a given time ¢ (it is important
to note that, at the time of writing, nationally reported
weekly COVID-19 deaths by the Office for National sta-
tistics were defined by death certificate mentions and not
COVID-19 testing); and 3. estimates of expected deaths
at ¢ from PHE’s (now OHID) original excess deaths
model [3]. For this step we adopt a heuristic approach
to adjusting the expected number of deaths in any given
week, based on the difference in expected survival time
under positive test and NO-positive test scenarios—A;
—applied to people who died from COVID-19 in week
¢. In the simplest case each of these deaths is randomly
allocated a displacement time based on the empirical dis-
tribution of the modelled survival time differences A; (see
Fig. 2). The subsequent analysis is perhaps best illustrated
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via a practical simplified example based on a “ball and
urn” model as outlined in Fig. 3.

In the simplified example illustrated in Fig. 3, the
empirical distribution of A; is constructed to fall
between one and six weeks, with no negative values of A;
being observed. In fact, in this simplistic example, 10%
of the deaths are positively displaced by one week, 20%
by two weeks, 30% by three weeks, 20% by four weeks,
10% by 5 weeks and 10% by six weeks. Using this empiri-
cal distribution, the expected deaths in weeks ¢+1,..., t+6
are adjusted by subtracting the corresponding number of
COVID-19 deaths which occurred during week ¢ which
would have expected to be displaced to this time, result-
ing in an adjusted expected deaths estimate. This process
is carried out iteratively, week by week, on each occasion
removing the appropriate number of expected deaths
from the down-stream weeks where they would have
been expected to fall in the absence of COVID-19 deaths.

For the current analysis we apply displacement by cre-
ating the discrete probability distribution of the mod-
elled survival time differences by week A; for 4 strata
within the hip fracture patients. The strata were: greater
than or equal to 80 years vs under 80 years; by male and
females. Each distribution represents the time adjust-
ment for COVID-19 deaths within that stratum for any
week in time where a death was reported. For each week
t when deaths where a cause of COVID-19 occurred, the

I:l Females Over 80 I:l Females Under 80

0.010

Density

0.005

0.000

-50 0 50

100 150 200

Weeks

Fig. 2 Density distribution of simulated median survival time differences between COVID-19 positive test and no-COVID-19 positive test scenarios,
for hip fracture in female patients by age. Source: Office for Health Improvement and Disparities, using data from National Hip Fracture Database
(NHFD), Hospital Episode Statistics (HES) and Office for National Statistics (ONS), England. Copyright © 2022, Re-used with the permission of NHS

Digital. All rights reserved
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Distribution of displacement

2 3 4 5 6
Weeks

Week t Week t+1 Week t+2 Weekt+3 | Weekt+4 Weekt+5 Weekt+6

Expected deaths (E) 500 500 500 500 500 500

CcoviD
deaths = Remove 10 20 30 20 10 10
100
Adjusted expected deaths
490 480 470 480 490 490

(adj E)

Fig. 3 Simple example for adjusting expected deaths using displaced COVID-19 deaths

total deaths were re-distributed in time according to the
probabilities for each week of the strata survival distribu-
tion A;, before being removed from the corresponding
strata expected deaths for weeks t+1, ..., t+6. COVID-19
reported deaths start at week 0 (27" March 2020) and for
this analysis we have used a final cut-off week of the 8™ of
October 2021 for reported COVID-19 deaths.

Following adjustment of expected deaths in each week
by stratum, the estimate of excess mortality in each week
is re-estimated as the observed number of deaths in that
week minus the adjusted expected number of deaths (see
Supplementary Material E for further detail). The key
steps of our method are summarised in Table 2 using
mathematical notation.

Results

The study population included 98,365 hip fracture
patients, in the period 1% February 2019 to 31%* Octo-
ber 2020, with 13,000 of the affected patients developing
COVID-19 before or after hip fracture. The distribution
of timing of COVID-19 positive tests relative to hip frac-
ture (time-dependent term) is shown in Fig. 4. Most of
those individuals who tested positive for COVID-19 did
so following hip fracture with a peak at, or shortly after
the date of their admission; this is partly a detection bias.
Patient and surgical characteristics for the cohort are
shown in Table 3 broken down by COVID-19 and mor-
tality status.

Multivariate model
Results of the multivariate Cox proportional hazard
model are shown in Fig. 5, including time-fixed terms and

COVID-19 time-dependent terms. The hazard of death
was greatest within the first two weeks of testing positive
for COVID-19 and gradually declined until almost reach-
ing baseline risk by six months.

Estimation of mortality displacement

Five hundred simulated actual and counterfactual sur-
vival times for each hip fracture who tested positive were
summarised using the median survival time (extrapo-
lated where necessary for those whose survival estimate
did not reach 50% at the time of maximum simulated
follow-up). Mortality displacements due to COVID-19
positive infection were calculated for each hip fracture
as the difference between these two summarised val-
ues and presented as distributions grouped by age, sex,
and frailty characteristics (Fig. 6). Mortality displace-
ment was smallest for older, frail, and male individuals
(median=135 days) and was largest for younger, female
and lower frailty individuals in deaths were on average
brought forward due to COVID-19 by almost 2 years
(median=535 days).

Adjusting expected and excess mortality estimates

The median difference between the actual and counter-
factual survival times for each of the 13,000 COVID-19
patients with hip fractures were used to create a discrete
probability distribution for four strata. Registered deaths
in England with a cause of COVID-19 between 27" March
2020 and 8" October 2021 were adjusted in time using the
probability distributions, with 48.4% of total COVID-19
deaths remaining within the time period after adjustment
(Table 4 and Fig. 7). Removing adjusted COVID-19 deaths
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Table 2 Summary of the end-to-end application of the methods described in this study to adjust national estimates of expected
deaths

Summary of key steps

MODEL

1 Fit a Cox proportional hazard model predicting death with time-dependent terms for testing +ve for COVID-
19 in population N. Population N must be the full population, or a subset of the population within which
excess mortality is to be measured. In our study, the hip fracture population are used as an example to
illustrate the application of this methodology.

SIMULATIONS

2 Identify a subset representing all individuals in the modelled population N who tested positive for COVID-19
at any point — N¢q9,. Individuals who did not develop COVID-19 (N — N4, ) are not included in the subset
as counterfactual simulations are only meaningful for those individuals who tested positive for COVID-19.

For the hip fracture population, N14,included 13,000 individuals.

3 | For each individual 4 in N¢qq,, use the result of the fitted Cox model to calculate time-specific survival
probabilities based upon individual 4‘s constellation of risk factors and the time at which they tested +ve for
COVID-19. See table 1.

For each individual 4 in subset N¢;94,
use the time-specific survival
probabilities derived in step 3 to
simulate their survival sequentially
from time t = 0 through until death at
time t = u, or (if the patient is not
simulated to die) until censoring at the

COVID-19 +ve test Scenario

No COVID-19 +ve test
Scenario

survival times
= {“[mlv s Ui, m] }c19+
censoring status

= {cpa), - Cpumn }C19+

survival times
= {“[m]' ey u[i.M]}m_
censoring status

= {ep ---'c[i.M]}clg_

end of follow-up time defined by the
Cox model.

Repeat the above for M iterations
(simulations) for:

1. the ‘COVID-19 +ve test
scenario’ and

2. the ‘no COVID-19 +ve test
scenario.” (where the COVID-
19 relative risk is set to 1 for
all time points)

This generates a set of M survival
times (u) and censoring indicators (c).

This results of the first 20 simulations
for an example individual 4 are
illustrated in figure 1 — ‘Simulate’.

5 For each individual 4, calculate the
median of M simulated survival times
under each scenario.

Median({u,q, ..., uppn} .. .) | Median({ugqy, ..., upm} )

C19+ C19—

If individual 4‘s Kaplan-Meier survival
function never falls to 50% (i.e. the
individual died in fewer than 50% of M
simulations) then the median survival
is estimated by extrapolating the
survivor function until it falls to 50%.

6 For each individual 4, calculate the estimated mortality displacement, A;, attributable to testing +ve for
COVID-19 by subtracting the median survival time under the ‘COVID-19 +ve test scenario’ from the median
survival time under the ‘no COVID-19 +ve test scenario’.

4= Median({u[ml, ---lu[i,M]}Cl‘Q—) — Median({u1), -, Upim1}c1o+)

Thus, every individual in subset N9, has a single metric of estimated mortality displacement for the
difference in simulated survival times between the COVID-19 +ve test scenario and the no COVID-19 +ve test
scenario, irrespective of whether the individual actually died in real life.
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Table 2 (continued)

AGGREGATION OF ESTIMATED MORTALITY DISPLACEMENTS
TO MATCH CORRESPONDING POPULATION EXCESS DEATH STRATA

The estimated mortality displacements for all individuals in subset N4, are then aggregated within each
sociodemographic and/or health characteristic group that corresponds to those used in existing population
estimates of expected in the population (e.g. by age, sex, and ethnicity groups).

Let A, represent the set of mortality displacements for all individuals with characteristics g.

For simplicity, we aggregated the hip fracture subset cases (N¢19,) into four groups - by sex and age group
(under or over 80 years).

After aggregation, the distribution of estimated mortality displacements for group g are represented by a
probability density distribution — f(Ag). Figure 2 illustrates the probability density distribution of estimated
mortality displacement attributable to COVID-19 for female hip fracture patients by age group.

APPLYING MORTALITY DISPLACEMENTS TO EXISTING NATIONAL ESTIMATES OF EXCESS DEATHS

f(Ag) can then be applied to existing national estimates of excess death for the general population.

The number of excess deaths at week w amongst individuals with characteristics defined by group g can be
described by:

Swg1 = Opwg) — Epwg)

Where E, ) = existing estimates of the expected number of deaths in group g occurring on week w derived
using existing methods, and Oy, 41 = the observed number of deaths in group g which occurred in week w.

O|w,g] can be decomposed as:

O[W,g] = D[w,g] c19+ T D[w,_g] C19-

Where Dy, 41 c19+= the number of deaths in week w attributable to COVID-19 (in England these numbers are
established by mentions on registered death certificates, not based on individual COVID-19 testing), and
D(w,g] c19-= the number of deaths in week w where individuals did not test positive for COVID-19.

Let us consider the case where w = 1, the week of the first recorded death due to COVID-19 in the
pandemic. For each death contributing to the total number of COVID-19 attributable deaths in week one,
Dy=1g] c19+, there is a probability Pj,—1 g1 w=kg) (Which is described by f(Ag) derived in step 7) that, had
the individual not tested +ve for COVID-19, the death would have been expected to occur during week k.

By iterating over all unique values of w and k which fall within the period of observation, all COVID-19 +ve
deaths can be ‘reallocated’ to when the death would be modelled to have occurred in the absence of testing
+ve for COVID-19 based upon the probability distribution of mortality displacements f(A,).

E[w,g), the expected number of deaths in group g at week w, can then be adjusted by subtracting the total
number of deaths estimated to have been displaced from week w amongst COVID-19 deaths which had
occurred at other time points, i.e. amongst COVID-19 deaths which occurred in all unique values of k weeks,
which fall within the period of observation.

The adjusted expected number of expected deaths E’,, can, therefore, be expressed as:

E'lwg = Epwg)

- For all weeks (D [kg] c19+ X P[W,g]‘—[k,‘q])
k within period
of observation

For values of k which include all unique weeks within the period of observation, and may precede or follow
week w in relative calendar time.

In other words, expected deaths at week w are adjusted by removing deaths that are estimated, based upon
mortality displacement probability distributions, to have been displaced from week k to week w (with k
representing all other time points and).

10

Excess mortality within the entire population at week w is then defined by:

0w = Z oran Otwgl ~ E'pug1)
groups g
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-250 0 250

500 750 1000

Time of first positive COVID-19 result
relative to hip fracture event (days)
Fig. 4 Distribution of timing COVID-19 infection (first recorded positive test) relative to hip fracture (grouped into 14-day period bin-widths).
Source: Office for Health Improvement and Disparities, using data from National Hip Fracture Database (NHFD), Hospital Episode Statistics (HES)
and Office for National Statistics (ONS), England. Copyright © 2022, Re-used with the permission of NHS Digital. All rights reserved

from the published expected number reduced expected
deaths by 8.9% over this time period (Table 4).

An example of adjusting the published excess mortality
for England using the adjusted expected deaths (based on
the hip fracture data) is shown in Fig. 8 from the period
of 27" March 2020 until the 8" October 2021. Over this
time period the total excess deaths increased by 66%
(Table 4), with the difference between excess mortality
and adjusted excess mortality increasing each week over
this period. The number of weeks in which the excess
mortality was estimated to be negative reduced from 27
to 5 weeks after adjustment (Fig. 8).

Discussion

Using a national dataset of hip fracture patients as an
illustrative dataset, we describe and demonstrate a novel
and generalizable method for estimating the parameters
underpinning mortality displacement consequent upon
COVID-19 positive test. We then use these parameters
to adjust expected mortality, and thereby excess mortal-
ity (the difference between the number observed and the
number expected in any time period), to facilitate on-
going surveillance of excess mortality during the remain-
ing pandemic and beyond.

Our results, based on the hip fracture dataset, indi-
cate that estimating the current expected number of
deaths based solely on historical trends is an overesti-
mate because many of the deaths expected on this basis

would already have occurred earlier in the pandemic.
This means that, over any period well after the start of
the pandemic, calculating the excess deaths based on his-
torical trends will be an underestimate. These both repre-
sent direct consequences of what may be called mortality
displacement or harvesting.

Although our results provide clear evidence of short-
term mortality displacement in the population included
in the national hip fracture registry, interpretation of its
magnitude needs to take account of the fact that this is a
select subgroup of the general population. Fractures that
impede mobility in the weeks that follow the accident/
surgery considerably shorten life expectancy — at least
in the elderly — and are in themselves markers of signifi-
cant frailty [13, 28]. In our analysis we have demonstrated
that age, sex, and frailty all have substantial impacts on
the frequency and magnitude of mortality displacement.
This implies, given that our ultimate aim is to generate
quantitative estimates of the effect of mortality displace-
ment in the general population, that it is important that
we apply these methods to a representative sample of the
national population. The critical importance of the anal-
yses reported in the current methodological paper is to
demonstrate the methodology, working through it from
end-to-end, and giving us the confidence to engage in the
major task of applying them to national population data.

In interpreting the results of our analyses, it is indi-
viduals with low frailties and the largest displacements
that have almost no impact on short term estimates of
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Table 3 Characteristics of study population by COVID-19 and followed up for mortality status until 31°' May 2021
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COVID-19 Positive COVID-19 Negative Total
n (%) n (%) n (%)
Variable Level Alive Dead Alive Dead
Total 7,711 (7.8) 5289 (5.4) 56211(57.1) 29,154 (29.6) 98,365
Time from hip fracture to COVID- Mean (SD) 279.3(238.3) 204.7(204.7) n/a n/a 249.0(228.2)
19 infection (days)
Age group (years) 60 to 69 514 (6.7) 149 (2.8) 6,403 (11.4) 1,155 (4.0) 8,221 (84)
70to 79 1,667 (21.6) 876 (16.6) 16,311 (29.0) 4,498 (15.4) 23,352 (23.7)
80to 89 3,742 (48.5) 2,568 (48.6) 24,547 (437) 13384 (459) 44,241 (45.0)
90+ 1,788 (23.2) 1,696 (32.1) 8,950 (15.9) 10,117 (34.7) 22,551 (22.9)
Sex Female 5,787 (75.0) 144 (59.4) 41,698 (74.2) 18,156 (62.3) 68,785 (69.9)
Male 1,924 (25.0) ,145 (40.6) 14,513 (25.8) 10,998 (37.7) 29,580 (30.1)
Residence® Own home/sheltered housing 5,305 (68.8) 3,358 (63.5) 50,401 (89.7) 19,019(65.2) 78,083 (79.4)
Residential care 1,327 (17.2) 970 (18.3) 3,007 (5.3) 4,985 (17.1) 10,289 (10.5)
Nursing care 816 (10.6) 681 (12.9) 1,776 (3.2) 3,506 (12.0) 6,779 (6.9)
Hospital inpatient 263 (34) 280 (5.3) 1,027 (1.8) 1,644 (5.6) 3214 (33)
Mobility® Freely mobile without aids 2,253(29.2) 1,100 (20.8) 26,815 (47.7) 6,145 (21.1) 36,313 (36.9)
Mobile outdoors with one or 2,961 (384) 2,174 (41.1) 19,970 (35.5) 11,304 (388) 36,409 (37.0)
more aids or a frame
Never goes outside without 2,397 (31.1) 1,939 (36.7) 9,089 (16.2) 11,252 (386) 24,677 (25.1)
help or no functional mobility
Not recorded 100 (1.3) 76 (1.4) 337 (0.6) 453 (1.6) 966 (1.0)
Nutrition® Normal nutrition 5488 (71.2) 3,567 (67.4) 44,028 (78.3) 18223 (625) 71,306 (72.5)
At risk of malnutrition 1,522 (19.7) 1,141 (21.6) 8,155 (14.5) 6,869 (23.6) 17,687 (18.0)
Malnourished 498 (6.5) 429 (8.1) 2,854 (5.1) 3,132(10.7) 6,913 (7.0)
Not recorded 203 (2.6) 152 (2.9) 1,174 (2.) 930 (3.2) 2,459 (2.5)
Hospital Frailty Risk Score group  Low risk (<5) 496 (6.4) 169 (3.2) 9,569 (17.0) 1,252 (4.3) 11,486 (11.7)
Intermediate risk (5-15) 2,888 (37.5) 1,686 (31.9) 29,213 (52.0) 9,498 (32.6) 43,285 (44.0)
High risk (>15) 4,327 (56.1) 3,434 (64.9) 17,429 (31.0) 18404 (63.1) 43,594 (44.3)
Cardiovascular disease Yes 3,526 (45.7) 3,054 (57.7) 19,646 (350) 16,589 (56.9) 42,815 (43.5)
Malignancy Yes 690 (8.9) 791 (15.0) 5,039 (9.0) 5,792 (19.9) 12,312 (12.5)
Dementia Yes 3,236 (42.0) 2,458 (46.5) 9,903 (17.6) 13,283 (45.6) 28,880 (29.4)
Chronic pulmonary disease Yes 2,287 (29.7) 4(324) 14,932 (26.6) 10,024 (34.4) 28,957 (29.4)
Liver disease Yes 271 (3.5) 218 (4.1) 1,794 (3.2) 1,293 (4.4) 3,576 (3.6)
Diabetes (Type 1 & 2) Yes 1,642 (21.3) 1,298 (24.5) 10,222 (18.2) 6,377 (21.9) 19,539 (19.9)
Hemiplegia or paraplegia Yes 265 (3.4) 185 (3.5) 1,562 (2.8) 944 (3.2) 2,956 (3.0)
Renal disease Yes 2,003 (26.0) 1,861 (35.2) 10,930 (194) 9,948 (34.1) 24,742 (25.2)

@ At time of presentation with hip fracture. Source: OHID, using data from National Hip Fracture Database (NHFD), Hospital Episode Statistics (HES) and Office for
National Statistics (ONS), England. Copyright © 2022, Re-used with the permission of NHS Digital. All rights reserved

expected deaths (e.g. deaths over the next 12 months).
This is because, with reference to Fig. 3, an individual
that died of COVID-19 in a given week £, who would have
been expected to live for a further 520 weeks (10 years)
under the counterfactual, would only impact on the
count of expected deaths at t+520 weeks. In contrast,
the subpopulations in which mortality displacement
has the greatest effect on current, past, and near-future
estimates of expected mortality are older people with
large frailties in whom statistical power is high, because
there are so many deaths. Therefore, among this group,

the magnitude of displacement can be estimated more
precisely. Although the magnitude of displacement in
younger, low-frailty subpopulations can only be esti-
mated with low precision, the precise magnitude is less
important when adjusting current expected mortal-
ity estimates, because there is considerable certainty
that individuals in this group would have survived well
beyond the end of the prediction interval.

These observations have important implications for the
use of our method in practice. First, it is adequately pow-
ered for the short-term adjustment of expected mortality.
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Variable ., HazardRatio (Log scale) . ., , Bam Sonded HR (95%Cl)

70t0 79 yrs 0.24 0.0311 1.28 (1.20 to 1.36)
é 80 to 89 yrs re 0.55 0.0295 1.74 (1.64 to 1.84)
E Over 90 yrs i 0.96 0.0304 2.60 (2.4510 2.76)
= Male Sex L] 047 0.0116 1.60 (1.56 to 1.63)
Care dependent L 0.38 0.0132 1.47 (1.43 to 1.50)
® Impaired mobility ol 0.40 0.0141 1.49 (1.45t0 1.53)
:% Malnourished 0.34 0.0115 1.40 (1.37 to 1.43)
g High frailty score 0.32 0.0131 1.38 (1.34 to 1.41)
E Cardiovascular disease 0.26 0.0117 1.30 (1.27 t0 1.33)
g Malignancy o 0.56 0.0141 1.75 (1.70 to 1.80)
3 Dementia L 0.35 0.0132 1.41(1.38to 1.45)
E Chronic pulmonary disease 023 0.0116 1.26 (1.23 t0 1.29)
3 Liver disease 0.20 0.0267 1.23 (1.16 t0 1.29)
§’ Diabetes (Type 1 & 2) 0.07 0.0133 1.07 (1.04 t0 1.10)
E Hemiplegia or paraplegia -0.19 0.0308 0.83 (0.78 t0 0.88)
Renal disease 0.20 0.0119 1.22 (1.19 to0 1.25)
Winter 2018 / 2019 0.20 0.0778 1.22(1.04 t0 1.42)
- Spring 2019 0.13 0.0303 1.14 (1.07 to 1.20)
g Autumn 2019 0.03 0.0264 1.03 (0.98 to 1.09)
(':'; Winter 2019 / 2020 0.15 0.0251 1.17 (1.11t0 1.22)
E Spring 2020 0.21 0.0242 1.23(1.17t0 1.29)
(|’|) Summer 2020 -0.17 0.0260 0.84 (0.80 to 0.89)
é Autumn 2020 -0.08 0.0254 0.92 (0.88 10 0.97)
Winter 2020 / 2021 0.06 0.0277 1.06 (1.01t0 1.12)
Spring 2021 -0.28 0.0331 0.76 (0.71 t0 0.81)

5 0to 2 weeks e 243 0.0227 11.34 (10.85 to 11.86)
§ g_'. g 2to 4 weeks 1.91 0.0330 6.74 (6.32 10 7.20)
H g i « oo weets —— 095 00563 259(2.32102.89)
g 8 £ 6 to 12 weeks —— 0.53 0.0460 1.70 (1.55 to 1.86)
= 12 weeks to 6 months —— 0.29 0.0447 1.34 (1.23 to 1.46)

15

2 3 K
Hazard Ratio (Log scale)

S

6

Fig. 5 Coefficient plot for multivariate Cox proportional hazard model with time fixed and time dependent terms. Reference groups:

Age =60-69 years; Frailty =low or intermediate frailty, Co-morbidity =absence of the condition; Seasonality = summer 2019. Seasonality defined

as Winter (months December, January, February), Spring (March, April, May), Summer (June, July, August), Autumn (September, October, November).
Source: Office for Health Improvement and Disparities, using data from National Hip Fracture Database (NHFD), Hospital Episode Statistics (HES)

and Office for National Statistics (ONS), England. Copyright © 2022, Re-used with the permission of NHS Digital. All rights reserved

Specifically, the estimates that are generated are more
precise in frailer elderly subgroups because there are
more deaths, but the lack of precision in younger fitter
populations will appropriately be reflected in wide con-
fidence intervals which should guard against over-inter-
pretation. Second, estimates of the hazard ratios (relative
risks) associated with COVID-19 infection and their pro-
file over time after infection are estimated with precision.
This means these hazard ratios are useful as epidemio-
logical metrics that can feed directly into our under-
standing of the public health implications of COVID-19.

Third, however, it is less useful for what might be
another apparently attractive use of our method—to
estimate years of life lost (YLL). In the i individual this
is obtained directly as A; (see above). Because this is so
straightforward and given that YLL is “a frequently used
population health metric, originating back to the 1940s
... and the idea is appealingly simple”,” it sounds like an
ideal use of method. But YLL requires very careful inter-
pretation. It is true that by applying our method across
all age groups and summing the A; one could generate an
overall point estimate of YLL, and by restricting this to
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Distribution of Mortality Displacement
by Age, Sex and Frailty Characteristics
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Fig. 6 Histogram of mortality displacements in the hip fracture cohort stratified by age, sex, and frailty characteristics (high frailty = hospital frailty
risk score > 15). Dashed vertical line illustrates median displacement. Text box shows median displacement and number of individuals within each
stratum. Source: Office for Health Improvement and Disparities, using data from National Hip Fracture Database (NHFD), Hospital Episode Statistics
(HES) and Office for National Statistics (ONS), England. Copyright © 2022, Re-used with the permission of NHS Digital. All rights reserved

Table 4 Total registered COVID-19 deaths, modelled expected
deaths and excess mortality between 27" March until the 8"
October 2021, including adjusted figures using hip fracture
COVID-19 mortality displacement, England

Total Adjusted
Expected deaths 763,448 695,425
Excess mortality 102,663 170,686

Source: Office for Health Improvement and Disparities, using data from National
Hip Fracture Database (NHFD), Hospital Episode Statistics (HES) and Office

for National Statistics (ONS), England. Copyright © 2022, Re-used with the
permission of NHS Digital. All rights reserved

people who died of COVID-19 and dividing the total by
the number of individuals one could obtain a point esti-
mate for average YLL per COVID-19 death to compare to
other equivalent estimates [29-32]. However, this would
be of limited value. In subpopulations that are old or frail
we can generate estimates of YLL with acceptable preci-
sion, and this could provide a useful public health metric
of the impact of the pandemic in those frailer subpopu-
lations. But in younger fitter subpopulations although
we can confidently state that the relatively small number
of individuals who died of COVID-19 lost many years
of life, any formal quantification of those YLL would be
too imprecise to be of value. Rather, in younger popula-
tions it is more sensible to estimate YLL using the “WHO
Standard Approach” [30], based on applying an appropri-
ate standard life table to people who died of COVID-19
[29]. We therefore believe that our methods, particularly

once they have been applied to a nationally representa-
tive population, can provide a useful contribution to a
description of YLL in older and frailer subpopulations.
But we would not recommend they be used, on their
own, to attempt to generate an estimate for the average
YLL per COVID-19 death across the entire population
which is better obtained in other ways [29-32].

The application of Cox hazards models with time-
varying covariates to simulate survival times has been
validated previously [33]. Model-based approaches —
such as ours — have been used previously to explore
short and long-term displacement of mortality caused
by exogenous events such as extreme temperatures, air
pollution and influenza seasons. These have generally
adopted deterministic and stochastic lag models [16, 17,
34], based on treating mortality at a population level as
a Poisson (or Quasi-Poisson) outcome [35]. Analogous
population-level approaches have been used in publica-
tions looking at the extent of mortality displacement that
had occurred leading up to the pandemic and the subse-
quent impact on pandemic mortality and indicate some
level of displacement [8, 35-39]. In England and France
short-term mortality displacement has been estimated
at a population level by comparing the number of deaths
above the expected value to those below the expected
value within the given time period [8, 38]. In a USA
study, no mortality displacement was identified, however,
among other issues, as the study period ended in May
2020, this may be a result of the short follow-up [35].
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Fig. 7 Total COVID-19 registered deaths and adjusted COVID-19 deaths from week 9 (27" March 2020) to week 81 (8™ October 2021), England.
Source: Office for Health Improvement and Disparities, using data from National Hip Fracture Database (NHFD), Hospital Episode Statistics (HES)
and Office for National Statistics (ONS), England. Copyright © 2022, Re-used with the permission of NHS Digital. All rights reserved
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Fig. 8 Excess mortality and adjusted excess mortality from week 1 (27" March 2020) to week 81 (8™ October 2021), England. Source: Office
for Health Improvement and Disparities, using data from National Hip Fracture Database (NHFD), Hospital Episode Statistics (HES) and Office
for National Statistics (ONS), England. Copyright © 2022, Re-used with the permission of NHS Digital. All rights reserved
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One method which allows for the estimate of displace-
ment at an individual level to estimate years of life lost
[40], takes the distribution of excess mortality by age
group and applies the number of years of life expectancy
lost in each group [41]. This method has been applied
to data in Sweden and Norway, with the authors mak-
ing adjustments to expected mortality [41]. The study
estimated YLL attributable to COVID-19 in 2020 being
45,850 without adjustment for pre-pandemic seasonal
influenza mortality displacement and 43,073 when
adjusted for displacement. In Scotland, the number of
YLL was estimated to approximately 15 per COVID-19
death in 2020 [42]. In the USA, authors used projections
of life expectancy under different COVID-19 scenarios
to identify variation in outcomes between age and ethnic
groups [43]. For example, in a medium COVID-19 sce-
nario the estimated reduction of life expectancy at birth
in 2020 was approximately 1.13 years with large ethnic
disparities — life expectancy for Black and Latino groups
was estimated to be reduced by 2.10 and 3.05 years
respectively, compared with 0.68 years for White groups.
However, these methodologies are limited to analysis
among groups for whom life expectancy is calculated
and therefore is unable to account for the complex inter-
actions between co-morbidities and COVID-19 infec-
tion and risk of death. They, therefore, also assume that
those who contract COVID-19 are a random subset of
the population; yet evidence suggests a higher suscepti-
bility of COVID-19 infection amongst more vulnerable
subgroups [44, 45].

Limitations

We present the model in this paper as proof of concept,
though it can be extended to include as much detail on
risk factors as is available within the data source. It does
have some limitations — it ultimately depends on accu-
rately identifying those testing positive for COVID-19
infection, which is problematic when analysing mortal-
ity for early pandemic periods when, for many coun-
tries there was limited testing. This may also become
more problematic as the method is applied to later pan-
demic periods where national policy decisions on testing
impact the ability to collect accurate testing numbers.
The method does not address displacement among those
dying with COVID-19 but without a positive test, mor-
tality that occurred because of indirect effects of the
COVID-19 pandemic either on the health system, such
as limited access to services, or other effects of contain-
ment measures. In both cases these groups will have been
included among the non-COVID-19 deaths, resulting
in an underestimate of mortality displacement. It also
does not address the problem of disruption to historic
trends for other reasons, therefore, does not attempt to
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estimate what would have occurred in the absence of the
pandemic. Several approaches can be applied in paral-
lel to address many of these questions. Theoretically, the
approach depends on knowing all key variables, which is,
as in all modelling situations, impossible to obtain. Addi-
tionally, estimation of the extent that deaths are deferred
is limited to what is observed within the follow-up
period. Our “ball and urn” method for adjusting expected
deaths using counts of registered deaths where COVID-
19 is mentioned on the death certificate (as opposed to
formal COVID-19 testing) may be an over or underesti-
mate of the true excess mortality of COVID-19, due to
the representativeness of COVID-19 as the true under-
lying or contributory cause of death. Finally, we were
unable to derive confidence intervals at each stage and in
aggregate due to constraints on computational resources.
We understand that the application of COVID-19 mor-
tality displacement to adjust conventional expected
deaths models and the concept of excess mortality may
be undertaken using different methods and further inves-
tigative work is required.

As in any model-based analysis, these limitations
should be considered in interpreting results. However,
compared with other complex modelling scenarios the
data we have used are informationally very rich and
should undoubtedly provide a useful approximation to
what is happening in reality. Furthermore, if one focuses
on the method—as a way to build and use a platform
to provide information that may be used to help guide
public health intervention in a wide variety of ways dur-
ing and following on from a substantial population-level
public health shock—the limitations we highlight provide
useful guidelines for how such platforms should be set up
and evolve.

Implications and conclusions

Directly observing individuals within a population over
time, monitoring events of interest and applying the
methodology we have described has applications for
answering a multitude of potential public health ques-
tions. We describe and apply the approach to temporal
displacement of all-cause mortality. But it can equally
well be applied to the displacement of cause-specific
death and to adjustment of excess mortality associated
with specific causes. This will allow better understand-
ing of longer-term impacts of COVID-19 on important
causes of death. The methods can also be extended to
any adverse outcome (death is simply one example)
following any ‘at-risk’ defining event (the example here
being developing COVID-19). Furthermore, by assum-
ing everybody in the population is ‘at risk’ from the
moment a pre-defined event occurs, death (or another
metric) can be tracked as the primary outcome. In all
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situations such as these, which include extreme tem-
perature events, it is possible to estimate the long-
term impact of any population-level event on any
outcome — thereby providing critical information for
public health planning.

Throughout the pandemic it has become increas-
ingly apparent that there is a worldwide need to link
individual-level datasets from various sources to create
population-level platforms. Setting up country-wide
cohorts starting at prespecified times and recording
critical events of interest, could provide critical infor-
mation for the purposes of public health surveillance,
planning and intervention. Using data from such plat-
forms, our work demonstrates that by applying the
extended Cox model and subsequently simulating the
expected outcomes in both factual and counterfactual
scenarios it would be possible to answer a multitude
of questions (e.g., at this time, the impact of COVID-
19 infection on long-term comorbidity, health service
utilisation and other health outcomes). The benefits of
having a population platform such as this, and apply-
ing analytic methods, including modelling, at the
individual-level offers numerous benefits. Using whole
populations with individual-level data has the benefit
of greater precision and richer mathematical models
which provide a more robust approach to addressing
the real challenges that are faced by public health sci-
ence as well as nations themselves. We believe that the
ability to generate critical information to inform policy
decisions and health planning, as well as help manage
major public health shocks, would make an investment
in an infrastructure based on pseudonymised data to
track real-time, pan-population health events worth-
while given that the scientific and social returns that
greatly exceed its costs.
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