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Background: As SARS-CoV-2 continues to spread, a thorough characterisation of healthcare needs and patient
outcomes, and how they have changed over time, is essential to inform planning.
Methods: We developed a probabilistic framework to analyse detailed patient trajectories from 198,846 hos-
pitalisations in France during the first nine months of the pandemic. Our model accounts for the varying age-
and sex- distribution of patients, and explore changes in outcome probabilities as well as length of stay.
Findings: We found that there were marked changes in the age and sex of hospitalisations over the study
period. In particular, the proportion of hospitalised individuals that were >80y varied between 27% and 48%
over the course of the epidemic, and was lowest during the inter-peak period. The probability of hospitalised
patients entering ICU dropped from 0-25 (0-24—-0-26) to 0-13 (0-12—0-14) over the four first months as case
numbers fell, before rising to 0-19 (0-19—0-20) during the second wave. The probability of death followed a
similar trajectory, falling from 0.25 (0.24—-0-26) to 0-10 (0-09—0-11) after the first wave before increasing
again during the second wave to 0-19 (0-18—0-19). Overall, we find both the probability of death and the
probability of entering ICU were significantly correlated with COVID-19 ICU occupancy.
Interpretation: There are large scale trends in patients outcomes by age, sex and over time. These need to be
considered in ongoing healthcare planning efforts.
Funding: INCEPTION.

© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license

(http://creativecommons.org/licenses/by-nc-nd/4.0/)

1. Introduction

The rapid nature of the severe acute respiratory syndrome coro-
navirus 2 (SARS-CoV-2) spread placed unprecedented strain on
healthcare facilities around the world. Many countries enforced
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restrictions to avoid their healthcare system from being over-
whelmed [1,2]. Accurate projections of healthcare needs can help
plan the pressure on the healthcare system, try to prevent them from
reaching capacity and ensure they are well equipped to deal with
increasing demand [3—-5]. We thus need a robust understanding of
pathways patients take at hospital, including the duration of hospital
stays and need for intensive care treatment, and how this changed
over the course of the pandemic. The mass of patient data gathered
in countries that have experienced large pandemic waves can pro-
vide invaluable insight on these parameters. This is the case of France,
which has experienced two large epidemic peaks in the nine-month
period since the virus was first detected in the country.

2666-7762/© 2021 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/)
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Research in context

Evidence before this study

As the SARS-CoV-2 epidemic continues to resurge in many pla-
ces, we need a detailed understanding of healthcare needs and
patient outcomes to inform planning. However, it remains diffi-
cult to build a coherent picture of hospital patient pathways
given the huge diversity seen in these pathways in a situation
when both COVID-19 epidemiology and clinical care evolved
very quickly. We searched PubMed, medRxiv and GoogleScho-
lar for studies that were investigating hospital patient out-
comes over time, published between 1 January and 1
December. We found three studies that shown a drop in-hospi-
tal mortality over the course of the pandemic, but analysed ret-
rospectively relatively limited or specific datasets (e.g. only ICU
patients), and did not provide age- and sex- specific estimates.
None looked at the evolution of mortality over several epidemic
waves.

Added value of this study

Here we analysed detailed individual patient trajectories from
198,846 hospitalisations from March to November 2020 in
France. Our framework is able to monitor in-hospital mortality
in real-time, accounting for delays and censoring. We identify
shifting age and sex profiles of hospitalised patients as well as
large scale fluctuations in patient mortality across all age
groups as the endemic has progressed.

Implications of all the available evidence

These findings shed new light on the evolution of outcomes
over multiple epidemic waves, as well as the possible underly-
ing causes. It also provides an evidence base for understanding
current and future healthcare needs.

It remains difficult to build a coherent picture of hospital patient
pathways given the huge diversity seen in these pathways in a situa-
tion when both COVID-19 epidemiology and clinical care evolved
very quickly. First, outcomes of hospitalisation for SARS-CoV-2 infec-
tion range from limited symptoms allowing immediate discharge,
death within a few hours to weeks spent in ICU and can vary substan-
tially with the age and sex of the patient [6,7]. Second, the age, sex
and severity profile of hospitalised patients may have changed during
the course of the pandemic along with the intensity of control meas-
ures and the multiple parameters influencing healthcare seeking pat-
terns and decisions to admit them to hospital. Finally, improvements
in clinical care may also have modified outcomes as clinicians pro-
gressively learned to manage COVID-19 patients, including through
new treatment strategies [8].

Early studies describing hospital outcomes and trajectories have
considered short periods of the pandemic, considered outcomes as
constant over time, not considered age- and sex- specific differences
in both outcomes and length of stay or ignored the fact that many
currently hospitalized individuals are yet to have their outcome
[9—-18]. More recently, studies have shown substantial improvement
in hospital mortality over the first epidemic wave in the UK and in
the US [11-13]. Those changes were not fully explained by clinical
and demographic factors. Hypothesis for these drops include chang-
ing patient severity, increasing clinical experience, decreasing hospi-
tal volume, use of new treatments, nonpharmacologic treatments,
earlier intervention, and community awareness. Thus, it remained
unclear whether patient outcome did really improve, or if the drop
seen was an artefact due to less severe patients entering hospitals.

Here, we aim to shed a new light on the evolution of in-hospital
mortality through the analysis of 9 months of data, which include the
first and second 2020 epidemic wave in France. Our goal consists in
two key points: (i) assessing changes in patient outcomes over the
course of the pandemic in France, and (ii) providing detailed age- and
sex- specific estimates of those outcomes, to help inform health-care
planning. Using data from a dedicated COVID-19 surveillance system
that was rapidly integrated into all French hospitals, we characterise
the complex hospital pathways of COVID-19 patients . We recon-
struct full patient trajectories from first admission to eventual dis-
charge or death with details on the attended wards (conventional or
ICU) and develop a modelling framework that explicitly accounts for
the heterogeneous nature of the changing profile of patients being
admitted into hospitals and censoring. Through our approach, we can
disentangle the relative contributions of patient characteristics (e.g.
age and sex) in assessing whether improvements have occurred in
outcome over the course of the epidemic. The study also provides a
detailed account of the way the French healthcare system coped with
an unprecedented wave of hospitalisations during this unique crisis
in French history.

2. Methods
2.1. Data

We used a linelist of hospitalised patients from the SI-VIC data-
base who started their hospitalisation between 13 March and 30
November 2020 (Fig. 1). It includes 198,846 patients, from 1763 dif-
ferent healthcare structures, across metropolitan France. This data-
base is designed to be exhaustive for hospitalisations in general ward
and ICU: any healthcare structure (public and private) in charge of a
SARS-CoV-2 positive patient must declare the patient in SI-VIC. No
medical data is recorded in SI-VIC, with the exception of information
on the type of medical care structure (ward). The system thus con-
tains administrative information on the patient's journey through the
health system (date of hospitalisation, details on the attended wards,
outcome (discharge or death) and region) and minimal information
on the patient (age, sex and place of residence). The deployment of
SI-VIC was authorized by an Institutional Board (CNIL, Commission
Nationale Informatique et Libertés). No consent of the patients is
required, and the patients must be informed of their right to access,
modify, rectify and delete any data concerning them. We worked on
an anonymized version of the dataset, with each patient having only
an ID number. Further details about the administrative nature of the
dataset can be found in the SI appendix.

2.2. Modelling delays and probabilities of ICU admission, death and
discharge

We consider that all patients are initially admitted to hospital.
Patients can then be admitted into ICU, die without entering ICU, or
be discharged (Fig. S1). Patients who are admitted to ICU can subse-
quently either die or be discharged. We let the probabilities of ICU
admission, death within ICU, death outside ICU, discharge from ICU
and discharge without entry into ICU vary by age (0-39, 40—49,
50-59, 60-69, 70—-79, 80+) and sex. Given the small number of
patients in younger age groups, we let the delays between admission
and outcome vary by age, on a restricted number of age groups
(0-59, 60—-69, 70—79, 80+) and by sex. In initial analyses, we found
that the delays from hospitalisation to ICU admission or death did
not differ substantially by age and sex, and so we used a single delay
distribution from hospitalisation to ICU, and one delay distribution
from hospitalisation to death across all individuals (irrespective of
age or sex).

We modelled the delay from hospitalisation to ICU using a zero-
inflated exponential distribution (Fig. S2A). For the delay from
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Fig. 1. Hospitalisation, ICU and death data.

A. Daily number of hospital admissions, as a function of time. B. Daily number of ICU admissions, as a function of time. C. Daily number of deaths, as a function of time. In each
panel, males counts are shown at the top, females counts are shown at the bottom. D. Age distribution of hospital admissions, as a function of time. E. Age distribution of ICU admis-
sions, as a function of time. F. Age distribution of deaths, as a function of time. Distributions are computed on rolling 28-day windows. Colours represent the age group. Shaded areas
on the bottom represent the lockdown periods in France (17 March - 11 May and 30 October - 15 December).

hospitalisation to death (hospital discharge, respectively) we used a
mixture distribution composed of an exponential distribution for
those that die (are discharged from hospital, respectively) within a
short delay and a lognormal distribution for those that die (are dis-
charged from hospital, respectively) after longer delays (Fig. S2B)
[19]. The delays from ICU to death and hospital discharge were mod-
elled using a lognormal distribution [10,20]. We also considered a
gamma distribution as a sensitivity analysis. To model more realisti-
cally the delays, we truncated all the distributions to 120 days [9,20],
which affected 762 patients (out of 198,846). Further details can be
found in the SI appendix.

3. Parameter estimation

We used a probabilistic framework based on competing risk mod-
els with cause-specific relative hazards [21-23]. We specifically
accounted for censoring by incorporating into the likelihood not only
patients with outcomes (i.e. ICU admission, death, discharge) but also
patients without any known outcome by the end of the dataset (30th
November). We make use of individual data to jointly estimate the
different probabilities and delays, which let us account for the vary-
ing age and sex profiles of patients.

Briefly, we write the likelihood L;( pevent , devent |Tevent), given each
event that can occur to each patient i after hospital admission, of the
event probability pevens and the delay distribution deyene (Fig. S1).
Each individual can go through multiple events, the contribution of
each individual to the likelihood is then the product of the likelihood
of each event L;(0|T,). The total likelihood then becomes:

L(@) o iein}i_[viduals eegenls Ll(e‘Te)

where 0 denotes the set of parameters (outcome probabilities and
delays). Further details on the framework can be found in the SI
appendix.

We use the Rstan package [24] to fit the parameters. We use 2.5
and 975 quantiles from the resulting posterior distributions for 95%

credible intervals of the parameters. The presented probabilities are
an average of the age- and sex- specific estimates, weighted by the
proportion of the population that are of that age and sex.

4. Estimation of changes over time

To investigate changes in outcome probabilities during the course
of the epidemic, we partitioned the epidemic into ten time periods:
T1: 13 March - 1 April; T2: 2 April - 21 April; T3: 22 April - 11 May;
T4: 12 May - 31 May; T5: 1 June - 30 June, T6: 1 July - 31 July, T7: 1
August - 31 August, T8: 1 September - 30 September, T9: 1 October -
31 October, T10: 1 November - 30 November. The first four periods
lasted 20 days (first epidemic wave) and the following ones lasted 1
month (30 to 31 days). This approach allowed us to track changes
over the course of the epidemic where parameter estimates are inde-
pendent across time periods. It also allowed us to explore specific
changes from the beginning of the first wave up to the second wave,
including during the two lockdown periods (13 March - 11 May 2020
and 30 October-15 December 2020).

We used the percentage of ICU occupancy by COVID-19 patients
as a proxy to monitor the pressure on the healthcare system. This
percentage is computed as the number of COVID-19 patients in ICU,
divided by the initial total number of ICU beds available in France
(5664 beds, source: DGOS). Correlation was computed using Pear-
son’s correlation test.

4.1. Simulation study

To evaluate the capacity of our inferential framework to correctly
estimate parameters, we developed a simulation framework where
both the delays and the probabilities of outcomes were known. We
assessed the performance of the model on both a fixed and a varying
risk over time, as well as a fixed and a varying delay from admission
to death. Further details of the simulation study can be found in the
SI appendix.
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4.2. Role of the funding source

The funders had no role in the data analysis, interpretation,
writing of the report, or in the decision to submit the paper for
publication.

5. Results

Over the first nine months of the epidemic (13 March - 30 Novem-
ber 2020), there were 198,846 hospitalisations (mean age 69), of
which 35,818 were admitted to ICU (mean age 64) and 33,269 died
(mean age 80) (Fig. 1). Only 25% of deaths were in individuals that
entered ICU (Fig. S3). Seventy three percent of the deaths among
patients that did not enter ICU were aged >80y, whereas only 24% of
deaths among those admitted to ICU were in the oldest age group
(Fig. S4).

The age and sex profiles of hospitalised patients changed over the
course of the pandemic wave. In particular, the proportion of hospi-
talised individuals that were >80y varied between 27% during the
summer 2020 and 48% at the peak of the first wave. There were also
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Fig. 2. Probabilities of ICU admission and death.

large fluctuations in the proportion of the patient population that
was <40y, going from 8% at the start of the epidemic to 17% during
the summer, and decreasing again to 6% at the end of November
(Fig. 1D). The proportion of hospitalised cases that were female
increased from 45% to 53% during the spring before returning to 48%
by the end of November (Fig. S5). The age and sex distribution of
those entering ICU also changed, contrasting with those that died,
which remained approximately stable (Figs. 1E,F and S2B-C).

5.1. Probabilities of different outcomes over the course of the pandemic

Using our model and adjusting by age and sex, we found that
overall 18-2% (18-0—18-4) of patients entered ICU (Fig. 2A, Table S1)
and 19-7% (19-5—20-0) died (Fig. 2D, Table S1). Of patients who do
not enter ICU, 14-9% (14-6—15-1) died, ranging from 0-4% (0-2—0-6)
in females under 40 years old to 36-3% (35-5-37-1) in males older
than 80 years old (Fig. 2B, Table S2). Among patients admitted to ICU,
on average 31.2% (30-4-32.2) died, ranging from 7-8% (6-4—-9-4) in
patients under 40 years old to 46-8% (44-6—49-1) in patients over
80 years old, with limited difference by sex (relative risk: 1.0
[0-8—1-4]) (Fig. 2C, Table S2).
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A. Probability of ICU admission given hospitalisation, as a function of age. B. Probability of death given hospitalisation and no ICU admission, as a function of age. C. Probability of
death given ICU admission, as a function of age. D. Overall probability of death given hospitalisation, irrespective of ICU admission, as a function of age. Probabilities are computed as
a weighted average on the period from March to November 2020. Females are shown in red, males in blue. The horizontal lines and shaded areas represent the overall mean across
all ages and sexes. The boxplots represent the 2.5, 25, 50, 75, and 97.5 percentiles of the posterior distributions. .
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We characterised how delays between hospitalisation and out-
comes varied according to the age and sex of patients, as well as the
outcome considered. The delay from hospitalisation to ICU admission
was short, with a mean delay of 1.7 days (1-6—1-7) (Fig. 3A, Table S3)
[19], and was stable across age and sex (Fig. S6). For patients that did
not enter ICU, the delay between hospitalisation and death also did
not vary by age or sex (mean: 10-6 days [10-4-10-8], Fig. 3B-S6),
whereas the delay from hospitalisation to discharge did (Fig. 3C). The
delay between ICU admission and death was longer for males and
shorter for older patients, ranging from 25.-1 days (22.8—-27-4) in
males <60 years old to 11-5 days (10-2—13-1) in females >80 years
old (Fig. 3D, Table S4). Further, the delay from ICU admission to out-
come depended on whether the patient died (mean: 20-8 days
[20-1-21-5]) or was discharged (mean: 24.0 days [23-8—24.4])
(Fig. 3D-E, Table S4-5).

We found that many individuals had their outcomes within a day
of hospitalisation. We estimated that 5.7% (5-6—5-8) of all hospital-
ised deaths occurred within a day of admittance. Similarly 8-3%
(7-9-8-6) of all discharges, and 61-3% (60-8—61-8) of all ICU admit-
tances occurred within the first day of hospitalisation (Fig. S7). The
proportion of hospitalised deaths that occurred quickly changed sub-
stantially during the study period, with a large drop at the end of the
summer (Fig. S8, Table S6).

5.2. Changes in outcomes over the course of the epidemic

We found that the probability of entering ICU fell at the beginning
of April across all age groups, but especially in those >60y in age
(Fig. 4B, Table S7). At the beginning of the summer, the probability of
entering ICU was 0-49 (0-45—-0-54) times that at the start of the
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epidemic (25-4% [24-4—-26-4] at the start compared to 12.6%
[11-6—13-6] in June 2020). However, we observed that the probabil-
ity of entering ICU rose again from July 2020, especially in those aged
>80 years. By the end of November 2020, it was 0-65 (0-62—0-68)
times that at the start of the epidemic.

There was also a significant decrease in the probability of death
during the first wave [11—-13]. Among those that were not admitted
into ICU, the overall probability of death fell from 16-4% (15-6-17-1)
in the earliest time window to 6-1% (5-1—7-1) by the end of the first
wave (Fig. 4C, Table S8). However, we observed that since the sum-
mer, the probability of death rose again to 14-2% (13-9—14.6). Among
those that were admitted into ICU, the overall probability of death
fell, down from 34-1% (32-0—36-2) in the earliest time window to
23-4% (19-1-28-1) by the end of the first wave (Fig. 4D, Table S9),
before increasing again during the second wave to 30-1%
(28-9-31-3). Among all deaths, the proportion occurring in ICU also
varied over the two pandemic waves. We estimated that this propor-
tion was low during the peaks of the waves (1st peak: 22.5%
[19-5-25.9], 2nd peak: 22-3% [21-3-23-3]), and higher during the
summer (38-4% [37-2—41-5] in August 2020) (Table S10).

Overall, the probability of death among hospitalised patients
(combining those that entered ICU with those that did not) fell
steadily throughout the first wave and across all age groups (Fig. 4E,
Table S11). In July 2020, the overall probability of death was 0.40
(0-35—0-46) times that of the first time period (24-9% [24-0—25-9] vs
10-0% [8-7—11-3]). However, the probability of death rose during the
second wave of the epidemic, across all age groups except in patients
<60 years of age. In November, the overall probability of death was
0-74 times (0-71-0-78) that of the beginning of the pandemic (24-9%
[24.0—-25.9] vs 18-6% [18-1,19.0]). These trends in patient outcomes
were of the same magnitude in males and females (Fig. S9).

5.3. Changes in the delay distributions over the course of the pandemic

We investigated how the delay between hospital admission and
outcomes has varied over the epidemic (Fig. S10, Table S12). The
delay from hospitalisation to ICU admission remained stable over the
9 months. For patients not admitted in ICU, the delay from

hospitalisation to death decreased over the first epidemic wave from
10-2 days (9-6-10-9) to 9-1 days (8-8—9-5), but then increased to
13.4 days (12-6—-14-3) by September 2020. The delay from hospital
admission to discharge remained stable for patients <60 years in age,
but fluctuated for older patients. It first decreased over the first epi-
demic wave from 14-4 days (13-9-15-2) to 13-1 days (12-7,13-6), and
then increased again to return near the original delay. We observed
similar trends for patients admitted in ICU.

5.4. Correlation between changes and hospital occupancy

We used the percentage of ICU occupancy by COVID-19 patients
as a proxy to monitor the pressure on the healthcare system. We
observed a significant negative correlation between COVID-19 ICU
occupancy and the probability of being admitted to ICU (Correlation
[Cor]: —0-32 [-0-57,—0-01]), as well as a significant positive correla-
tion with the mortality outside ICU (Cor: 0-39 [0-09,0-62]) (Fig. 5A
and B). We found no significant correlation between COVID-19 ICU
occupancy and mortality within ICU (Cor: 0-02 [-0-29,0-33]) or with
overall mortality (Cor: 0-24 [-0-07,0-52]) (Fig. 5C and D).

5.5. Pathways to recovery or death

Of individuals that enter ICU that ultimately die, only 8-4% exited
ICU back to general hospital wards before dying. In contrast, among
ICU patients that are ultimately discharged, 72-0% went back to gen-
eral hospital wards. On average, discharged ICU patients spent
15-4 days (15-2—-15-6) in ICU, representing 64% of their total time
after being admitted into ICU and 8-6 days (8-5—8-7) in post-ICU gen-
eral wards. Patients that ultimately died spent on average 19-1 days
(92%, 95%Cl: 18-4—19-7) in ICU and 1-7 days (95%Cl: 1-7—1-8) in post-
ICU general wards (Table S13). Finally, while in this study we consid-
ered that exiting general wards constitutes a hospital discharge,
18-5% of ICU patients (but only 2-1% of all patients) needed long-term
care and rehabilitation care.
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Fig. 5. Correlation between changes in outcome probabilities and COVID-19 ICU occupancy.
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A. Changes in probability of ICU admission given hospitalization, as a function of COVID-19 ICU occupancy. B. Changes in probability of death given hospitalization and no ICU
admission, as a function of COVID-19 ICU occupancy. C. Changes in probability of death given ICU admission, as a function of COVID-19 ICU occupancy. D. Changes in overall proba-
bility of death given hospitalization, as a function of ICU occupancy. The COVID-19 ICU occupancy corresponds to the mean occupancy of ICU by COVID-19 patients on each time
period. All changes are weighted by the proportion that are of each sex. The dashed line represents the average trend (linear fit). .

5.6. Model performance

In a simulation study, we demonstrated that our modelling frame-
work was able to correctly identify known delays and outcome prob-
abilities in real-time, accounting for censoring (Figs. S11-14).

6. Discussion

We have used a large detailed dataset of hospitalised COVID-19
cases to track patient trajectories over the course of two 2020 pan-
demic waves in France. Our framework provides a robust approach
to incorporate evolving profiles of patients over the course of the epi-
demic and capture changes in their outcome. We observe that while
there was a large reduction in both the probability of entering ICU
and the probability of dying among hospitalised individuals, these
improvements were partly reversed as case numbers began to rise
again. These effects were observed across age groups and could not
be explained by the variations in age- and sex- profiles of patients
over the course of the epidemic.

There are likely to be multiple underlying reasons for the substan-
tial changes in outcomes among hospitalised individuals as the epi-
demic has progressed. First, increasing clinical experience is likely to
have played an important part as clinicians quickly shared knowl-
edge and experience. Second, improved care might have played a
role as the pathophysiology of COVID-19 started to become better
understood. For example, improved understanding of the key role of
inflammation [25] resulted in increasing use of immunomodulatory
drugs, and in particular corticosteroids (e.g. dexamethasone [8]).
However, observed improvements in patients outcomes partly
reversed as case numbers rose during the second wave. This suggests
a substantial part of the initial improvements was due to the hospi-
talisation of less severe cases during the inter-peak period or reduced
strains on the healthcare system. Other efforts in the US and the UK
that have identified improvements in patient outcomes have so far
only considered the first wave (Fig. S15) [11-13]. We expect that
these improvements will be partly reversed once the growth in cases
during the second peak is considered. Nonetheless we show that,

despite the new rise, overall hospital mortality is still lower than at
the start of the epidemic.

We found that only a minority of deaths occur in ICU. This sug-
gests that many of the patients that are at highest risk of death are
never transferred to ICU. Consistent with this observation we
found that the proportion of patients that enter ICU is very low
among those older than 70 years of age. This reflects the fact that
older patients may not be transferred to ICU when they are too
fragile to undergo such treatments [26]. Moreover we found that
the proportion of death occurring in ICU greatly varied during the
pandemic, with this proportion being at its lowest at the peaks of
the waves, pointing to large variations in healthcare practices
across the epidemic waves.

Overall, we find substantial heterogeneity exists in the time
between hospitalisation and death. There has been a growing realisa-
tion that the disease can manifest in different ways, even between
ultimately fatal cases [7,27]. The reasons for this remain unclear,
although a role for host immune response, comorbidities, alongside
age and sex differences appear key [29]. We note that the proportion
of deaths that occurred within a day of hospitalisation dropped over
the summer. It remains unclear if this drop is due to a changing pro-
file of patients, or changes in hospital reporting practices. In a sensi-
tivity analysis, we excluded all individuals that had an outcome
(discharge or death) within a day of hospitalisation, with largely
unchanged probabilities of the different outcomes (Fig. S16).

Among those that survive infection, the pathways individuals take
to recovery can be long and complex. While we only considered the
time to death or hospital discharge once entering ICU, the proportion
of time actually spent in ICU can vary substantially and depends on
their outcome. In particular we note that nearly a quarter of dis-
charged ICU patients needed longer-term care following their exit
from the ICU wards. This is worth further investigation as this is a
critical link in the continuum of care, helping move patients from ICU
to eventual discharge to the community [28]. Among those that died,
the shorter stay in ICU is potentially a consequence of stopping sup-
port for a patient who is not responding to therapy, and who is
deemed unlikely to survive.
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The observed evolution in outcomes will be a result of a complex
interplay of different factors which we could not account for. In par-
ticular, we do not know the underlying severity of cases entering hos-
pital, including specific comorbidities, and how this has changed over
time [15]. We also do not know the specific treatment regimens given
to patients. Furthermore, regional differences in infection burden,
local hospital capacity and decision-making by physicians is likely to
have resulted in variability in outcomes across hospitals or communi-
ties. Our data was insufficiently granular to explore these local
trends. More detailed data on comorbidities and treatment regimens
could help disentangle the potential causes for our observed changes
in health outcomes over the course of the epidemic. Despite these
limitations, this comprehensive dataset that covers all COVID-19 hos-
pitalisations in France throughout a long time period has allowed us
to uncover important overall trends in the outcomes of patients over
the pandemic, while accounting for the varying sex and age profile
of cases. We have also been able to capture the durations patients
spend within hospital and how this differs by age and their ultimate
outcome. These estimates provide a much needed evidence base to
help characterise future demands on the healthcare sector from the
pandemic.
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