—FAST TRACK

EDITORIAL by Anderson

MRC Centre for Outbreak Analysis
and Modelling, Department of
Infectious Disease Epidemiology,
Imperial College London, London
W21PG

Correspondence to: T Garske
t.garske@imperial.ac.uk

Accepted: 8 July 2009

Cite this as: BMJ 2009;339:b2840
doi: 10.1136/bm;}.b2840

220

RESEARCH METHODS

& REPORTING

Assessing the severity of the novel influenza

A/H1IN1 pandemic

Tini Garske, Judith Legrand, Christl A Donnelly, Helen Ward, Simon Cauchemez, Christophe Fraser,

Neil M Ferguson, Azra C Ghani

A major concern about the emergence of the novel strain of influenza A/HINT s the severity
of illness it causes. Tini Garske and colleagues propose methods to obtain accurate
estimates of the case fatality ratio as the pandemic unfolds

The World Health Organization’s declaration of
a pandemic of the novel influenza A/HINT1 virus
raises questions about the potential morbidity and
mortality. By 10 July 2009, nearly 100000 cases had
been reported worldwide; however, most deaths
(429 in total) have been reported in the American
continents (the US, Mexico, Argentina, and Canada),
with smaller numbers in other countries including
the United Kingdom." At first sight, the data seem to
imply that this new virus is relatively mild, with case
fatality ratios around 0.5%, similar to the upper range
of that seen for seasonal influenza?® and relatively low
hospitalisation ratios. However, the case fatality ratio
seems to vary substantially between countries, and
deaths have occurred in much younger people than
is the case for seasonal influenza.?

There are many reasons why simple interpretations
of these crude figures at the beginning of a pandemic
may be misleading both in terms of assessing sever-
ity and in making comparisons between countries.
Here, we discuss some of the important mechanisms
resulting in biases, propose study designs and associ-
ated statistical methods to estimate the case fatality
ratio given these limitations, and show their strengths
using simulated data. The two main sources of bias in
estimates of the case fatality ratio we consider stem
from shifts in case ascertainment (over time, efforts
may become more focused on the most severe cases,
leading to an overestimation of the case fatality ratio)
and from the inevitable delay between symptom
onset and death, which in the early phase of the epi-
demic can lead to underestimation of the case fatality
ratio if it is not adjusted for.

Case ascertainment—what are the numerator and
denominator?

A natural definition for the case fatality ratio is the
ratio of the total number of deaths from a disease
divided by the total number of cases. In a fully ascer-
tained (and complete) epidemic, this simple method
works perfectly. However, in most infectious dis-
eases there is underascertainment of cases as people

who are asymptomatic or have mild infection will
be less likely to present to health care, and if they
do present they will be less likely to be tested and
confirmed. It is therefore likely that there will be a
bias towards diagnosis of more severe cases (fig 1),
with the result that the case fatality ratio and other
measures of severity are overestimated. Furthermore,
this underascertainment will change as an epidemic
matures. Initially increased awareness by patients
and doctors may lead to high ascertainment, but as
cases increase and systems are overwhelmed, only
a proportion will be tested (potentially those with
links to other confirmed cases), making it difficult to
understand the scale of under-reporting.

This could introduce regional biases if, for exam-
ple, testing were focused on a subset of cases in heav-
ily affected areas but applied to all suspected cases
seeking medical attention elsewhere. Taken together,
these factors mean that the denominator (the total
number of cases) is highly uncertain.

Furthermore, it has been shown that seasonal
influenza infections can temporarily increase the
risk of vascular events,” which might lead to excess
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Fig 1| Spectrum of influenza cases. Infection in patients who
die or are admitted to hospital will be ascertained throughout
an influenza pandemic. Case fatality ratio estimates depend
on how these cases change as a proportion of total case
numbers as the pandemic progresses
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mortality that is not attributed to influenza, there-
fore underestimating the number of influenza deaths.
The same effect is probably present in pandemic
influenza, and there might be many more reasons
why deaths that are caused by flu might not be rec-
ognised as such, particularly as many places do not
have good systems of hospital surveillance. In order
to get a clear picture of the severity of the novel influ-
enza A/HINTI it is therefore important to establish
good surveillance.

The table shows the numbers of confirmed cases
and deaths as well as numbers of hospital admissions
for subsets of cases along with the case fatality ratios
and hospitalisation ratios calculated crudely by divid-
ing the number of deaths or hospitalisations by the
number of officially reported cases up to 10 July. We
also show estimates of the case fatality ratio for sev-
eral countries, adjusted as proposed below for tim-
ing issues stemming from the real time nature of the
estimation. Note, however, that these estimates have
not been adjusted to account for the uncertainties in
the ascertainment of the numerator or denomina-
tor. Details of the delay distributions used to esti-
mate the adjusted case fatality ratio are available on
bmj.com.

With the exception of Mexico, the estimated case
fatality ratios are well below 1%, with those in Europe
considerably lower than those in Canada and the
US. Although the high case fatality ratio in Mexico
could be interpreted as being due to a more virulent
version of the virus or higher frequency of comor-
bidities resulting in more severe illness, it is more
likely that case reporting there is heavily focused on
the most severe cases and that the true number of
cases is much higher."” To a lesser extent, the same
phenomenon might also now be occurring in the US
because the large number of cases means that testing
is now biased towards severe and hospital treated
cases. This is supported by the differences in hos-
pitalisation ratios, with higher ratios in the US and
Canada than in the UK, where case ascertainment
has so far probably been more complete.

If we take mild unreported cases into account, the
true case fatality ratios could therefore be consid-
erably lower and comparable to that for seasonal

influenza (although recent studies in ferrets sug-
gest that morbidity might be higher’®). However,
because a large proportion of the population is prob-
ably susceptible to infection (whereas most people
have some cross protective immunity to circulating
seasonal influenzas), the absolute numbers of cases
(and therefore also deaths) from the novel strain can
be expected to be much greater than for seasonal
influenza.

Although the biases due to the uncertainty in actual
case numbers make comparison between coun-
tries difficult, data collected according to carefully
designed protocols can limit their impact. In the UK
and other countries, the first few hundred confirmed
cases were closely monitored. The resulting data, as
well as providing detailed clinical and epidemiologi-
cal information of importance to healthcare planning,
can be used to estimate the case fatality ratio, even
though the number of deaths among these cases is
likely to be small. The following two step procedure
outlines how this can be achieved.

Firstly, in the early stages of the outbreak when
all identified cases are closely followed, we can use
these detailed data (with sample size 2) to estimate
the hospitalisation ratio 7, (the proportion of cases
admitted to hospital). In the second stage, as the epi-
demic grows and full case ascertainment in the com-
munity becomes challenging, a sample of confirmed
cases among hospitalised patients (sample size )
can be used to estimate the case fatality ratio among
hospitalised cases, Toir Based on these two estimates,
the overall case fatality ratio can be estimated as
Ta* Toyr The precision of this estimate will of course
depend on the precision of both estimated ratios (see
bmj.com for details).

To ensure a reasonable degree of precision it is
important that the number of closely monitored first
cases (n) is of sufficient size (fig 2). For instance, in
order to obtain a 95% confidence interval that covers
roughly the range from 0.5 to 1.5 of the case fatality
ratio, we would need around 1100 cases in the initial
sample (stage 1) to estimate the case fatality ratio
as soon as around 200 cases have been admitted to
hospital, or 425 to estimate the ratio after 500 hospi-
talisations, assuming a true case fatality ratio of 0.5%

Summary of data on cases (confirmed/probable), hospitalisations, deaths, crude and adjusted case fatality ratios (%), and crude

hospitalisation ratios by country or region

Baseline No of Crude case Adjusted case Crude
No of confirmed  No of confirmed for hospital hospitalised fatality ratio fatality ratio% hospitalisation
cases* deaths* admissionst cases (95% Cl) (95% Cl) ratio (95% ClI)
use” 37 246 211 4566 407 0.57 0.68 8.9
(0.49100.65) (0.59t00.78) (8.1t09.8)
Mexico® 11699 121 NA NA 1.03 1.23
(0.86101.23) (1.03t01.47)
Canada’® 9717 39 9717 894 0.40 0.43 9.2
(0.29t00.55) (0.30t00.58) (8.6t09.8)
uKoa 9718 14 9718 335 0.14 0.24 3.4
(0.08100.24) (0.13t00.41) (3.1t03.8)
EUM 13667 16 NA NA 0.12 0.20

(0.07t00.19) (0.11t00.32)

*Cases and deaths reported officially on national and international websites up to 10 July. For the US these also include probable cases.

tSample size for which data on hospital admissions were available.

$Adjusted for the time delays but not for uncertainties in the denominator (see equation 1 and bmj.com).
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Fig 2| Sample size of the initial closely followed cases (stage 1)
and of hospitalised cases (stage 2, when full ascertainment is
challenging) required to estimate the case fatality ratio (CFR)
with sufficient precision to obtain a coefficient of variation

of 25%, for different values of the case fatality ratio and an
assumed hospitalisation ratio of 5%

and a hospitalisation ratio of 5%. For a case fatality
ratio of 0.2%, the initial sample size would have to
be at least 1300 cases to estimate the ratio after 500
hospitalisations, and the required precision cannot
be obtained after only 200 hospitalisations, no matter
how large the initial sample.

To put this into context, if we were to estimate
the case fatality ratio simply by dividing the number
of deaths by the number of cases, we would need
detailed data on 3200 cases for a case fatality ratio
of 0.5% or on 8000 cases for a ratio of 0.2%. The
table shows that the number of hospitalisations in
Canada and the UK are in the hundreds, whereas in
the US they must be several thousand, although data
on US hospitalisations are available for only a sub-
set of cases. Note that the precision assumed here is
purely illustrative. The required sample size for any
other precision, or indeed at any other values of the
case fatality ratio, hospitalisation ratio, and number
of hospitalised cases to date can be obtained from
equation 3 on bmj.com.

An important assumption underlying this approach
is that the two ratios r,; and "o remain constant over
time. This may not happen as the guidelines for hos-
pitalisation of confirmed cases are likely to change
over time, particularly in the move from contain-
ment to mitigation. Hospitalisation ratios may also
vary between settings, depending on factors such
as the availability of timely antiviral treatment and
hospital beds. Hence, it is important to obtain data
on the reasons for hospitalisation in order to use the
hospitalisation ratio as a measure of disease severity.
Alternatively, the ratio of admission to intensive care
units for all identified cases 7, and the case fatality
ratio among intensive care cases r,,, may be less sub-
ject to temporal changes in hospitalisation policies,
at least as long as intensive care unit capacities are
not overwhelmed. Furthermore, during the course of
the pandemic, continuing studies on a representative
subset of all identified cases and their outcomes, as
well as cases admitted to hospital and intensive care,
would ensure that monitoring of the severity of the
disease remains accurate.

Even in the early stages of the epidemic full case
ascertainment is an ambitious goal. If many cases are
found through contact tracing rather than standard
symptom based surveillance systems, it may be pos-
sible to assess the degree of mild disease. However,
to be able to detect potential changes in virulence,
hospitalisation ratios should be updated regularly
throughout the pandemic through general syndromic
surveillance and large scale testing in well defined
study populations to measure the proportion of infec-
tion among people with relevant clinical symptoms.
These studies need to be established prospectively
and should be coupled with prospective household
studies to estimate the attack rate for mild disease
and serological testing to assess the extent of asymp-
tomatic infection, such that changing patterns of viru-
lence are detected rapidly.

Our method can readily be applied to estimate
case fatality ratios stratified by characteristics such
as age or comorbidity, with the expressions for case
fatality ratios and variances applying separately to
each stratum. This obviously decreases the num-
bers of cases and fatalities in each stratum and as
the sample sizes needed to obtain a particular preci-
sion apply to each stratum separately, larger overall
sample sizes are needed.

Delays between onset, death, and reporting

A second important source of bias arises from the
delay between disease onset and knowledge of
the final outcome in severe cases. Thus among the
reported cases at any particular time there might
be people who will eventually die but are still alive
at the point of analysis (fig 3). This effect, known
statistically as censoring, means that a case fatality
ratio estimated crudely by dividing the cumula-
tive number of reported deaths by the cumulative
number of reported cases will be too low and will
grow as the epidemic unfolds. This was observed
during the severe acute respiratory syndrome (SARS)
epidemic, causing concern that the virus was mutat-
ing to become more virulent." Given the expectation
that antigenic drift or viral reassortment with co-
circulating seasonal influenzas may well change the
severity of the new influenza virus over the coming
months, it is especially important that these biases
are minimised.

Censoring bias is particularly strong in the early
phase of the epidemic, when the incidence is growing
exponentially. This is because the number of cases
arising this week will be greater than the number last
week, in whom we are only now beginning to see
deaths, increasing the degree of underestimation of
the case fatality ratio. Indeed, it is only after the epi-
demic has peaked that this effect begins to wane.

Several methods have been proposed to account
for censoring based on analysis of the SARS epi-
demic.""'® One of the simplest improvements on the
crude estimate consisted of dividing the number of
deaths by the total number of cases in whom the
outcome was known. This seemed to work well in
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Fig 3 | Estimates of case fatality ratio with 95% exact binomial confidence intervals for a simulated
epidemic using a stochastic compartmental susceptible-exposed-infectious-recovered (SEIR) type
model. Top: Crude estimate obtained by dividing the reported number of deaths by the reported
number of cases. Middle: Improved estimate obtained by dividing the number of deaths by the
number of deaths+recovered. Bottom: Adjusted estimate obtained by dividing the number of
deaths by the number of cases adjusted for the delay from symptom onset to death
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analyses of the SARS epidemic. However, the times
from onset to death and from onset to recovery were
similar with SARS," whereas for flu we would expect
rapid recovery in mild cases but a longer duration
of hospitalisation for people who eventually die
either from viral pneumonia or secondary bacterial

pneumonia. Indeed, during the 1918 pandemic the
average duration from onset of symptoms to death
was nine days,'’ whereas recovery from milder ill-
ness is typically 4-7 days for seasonal flu.2*% It is this
difference that leads to a bias in the improved estima-
tor. Furthermore, in the context of the novel influ-
enza A/HINI, recoveries are not readily reported
and thus it is difficult to assess the degree of bias in
simple estimates.

One simple method to account for these delays is
to use the equation in fig 4. The cumulative distribu-
tion from time of onset to death could be taken from
existing data or from past pandemics. Furthermore, it
is straightforward to modify the equation to account
for additional reporting delays for cases and deaths
(see bmj.com) given knowledge of the reporting
delay distributions.

Figure 3 shows these censoring techniques in a sim-
ulated pandemic typical of what could be expected
in the UK. In the initial stages of the epidemic, when
case numbers are small and subject to substantial
stochastic effects, all estimates of the case fatality
ratio are imprecise with wide confidence intervals
and extremely variable best estimates. This vari-
ability means that bounds may be more appropriate
to report than point estimates. In the exponentially
growing phase, the estimates stabilise and the con-
fidence intervals shrink as cases accrue. However,
as noted, both of the crude estimators give very
biased results in this stage of the epidemic. These
biases only lessen once the epidemic curve is in its
downturn, and finally, all the methods of estimation
considered recover the true case fatality ratio with
relatively narrow confidence intervals at the end of
the epidemic.

The delay between symptom onset and death
(note the shift between the peaks in incidence of
cases versus deaths in figure 3), means that divid-
ing the total number of deaths by the total number
of cases greatly underestimates the true case fatality
ratio throughout much of the epidemic but produces
fairly narrow confidence intervals, giving a mislead-
ing impression. For typical influenza patterns, the
second technique, taking into account only those
cases whose outcome is known, also underestimates
the true case fatality ratio, albeit less than the crude
estimate. Our proposed estimator (see fig 4), which
takes into account the duration of the delay from

D(t)

t
mem)

u=0

CFR(®) =

CFR(t) is the estimate of the case fatality ratio calculated on day t,

D(t) is the cumulative number of deaths reported on day t,

c(u) is the number of cases with symptom onset on day u, and

F(x) is the cumulative distribution of the time from symptom onset to death
for those who will eventually die, such that F(t-u) is the probability that a
case with onset on day u will already have died by the end of day t

Fig 4| Equation to adjust for delays between onset and death
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symptom onset to death, produces more reliable
estimates throughout the epidemic and should be
unbiased provided there is no other source of bias
(such as the denominator issue) and the assumed dis-
tribution of the delay from symptom onset to death
matches the true distribution. The uncertainty of the
distributions can be taken into account by calculating
confidence intervals of the case fatality ratio using
bootstrapping methods.** However, if there is a bias
in the true distribution of the delay from symptom
onset to death because of censoring of this distribu-
tion, this method may also be biased, and hence it is
important that this information is collected reliably
early in the pandemic.

Conclusions

Quantitative estimates of the severity of the new
influenza A/HIN1 virus are central to healthcare
planning over the coming months. In addition, deci-
sions on whether to implement social distancing
measures such as school closures, will depend on
a balance between the number of cases (and hence
deaths) prevented and the social and economic
impact of such measures. Better estimates of the true
extent of infection and reliable population level esti-
mates of the case fatality ratio will facilitate identifica-
tion of risk factors between and within populations.
Such information, coupled with serological surveys
to determine susceptibility to the new virus, is essen-
tial for determining priority groups for vaccination
when a vaccine becomes available. More data will
also be needed to reliably ascertain age specific infec-
tion rates and case fatality ratios. So far, most infec-
tions have been confirmed in children and young
adults, with most deaths in young adults, but it is
uncertain whether this trend will persist as the virus
spreads more extensively; any changes could have
a considerable impact on the aggregate population
level case fatality ratio.

Well designed data collection protocols as out-
lined here and application of relatively simple
estimation methods to these data, will greatly
improve our ability to obtain informative estimates
of the case fatality ratio, despite the biases likely
to arise in the collection of data. Critically, they
will ensure that any changes in the virulence are
rapidly detected so that mitigation policies are
applied appropriately.
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