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Abstract

The COVID-19 pandemic poses two challenges to healthcare pmaviBiestly, a high
number of patients require hospital admission. Second, a high nunmesaltbfcare staff are
either falling ill with the infection, or self-isolating. This poses#igant problems for the
staffing of busy hospital departments. We have created a simple modglailbivs users to
stress test their rota. The model provides plots of staff availabiugy time using either a
constant infection rate, or a changing infection rate fitted to populati@ubasection
curves. It allows users to gauge the extent and timing of dips frastafability. The basic
constant infection rate model is available within an on-line web application
(https://covid19.shef.ac.uk). As for any model, our work is impertdowever, it allows a
range of infection rates to be simulated quickly across differerit patterns. We hope it
will be useful to those planning staff deployment and will stimulate debatden most

effective patterns of work during the COVID-19 epidemic.
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Introduction — The Problem

Healthcare services around the world are facing their greatest gealied this challenge
has two facets. Firstly, hospitals facing unprecedented ngnabe@dmissions. Second, they
are having to simultaneously cope with reductions in staff asifiertiealthcare workers are
both becoming infected or self-isolating. An initial report from Wuhan, Chated that 2%

of those infected were healthcare workeMore recently, media outlets have reported that
5000 health staff have been infected in Ralg figure approaching 10,000 has been reported
for Spairi. In the last few days the head of the Royal College of Physiciansisdgas
saying "about one in four" of its workforce is presently off Wpeksurvey of clinicians then
confirmed the high numbers of staff away from worknterestingly, in Singapore, a
combination of rapid diagnosis and personal protective equipim believed to have kept

the infection rate down among health staff

Traditional medical rotas are based around experience of the dntheamumber of staff
required to deal safely with the workload. Those tasked with their dastgnot used to the
rates of staff absence being reported. To try and help those involved in nwergfanning

we have created a model to simulate what happens to staffing lenagr different infection
rates. We view the model as a means to rapidly stress test sta#fimgyagainst a variety of

scenarios.
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Solution - creating a model
An overview of the model is provided. The pseudocode for the model, along with the python

code, is also available (supplemental files 1 and 2).

The model requires the number of staff on the rota, working pattern (e.gayawedking
week) and number of areas to cover. The latter might represent miifemeas within a
department, different shifts on a ward, or different weeks oolliag rota. The number of
days off within each area can also be entered. The model will then rt#teéhsough
different areas. Daily infection rates (%) can be entered as constarg altnsrking areas
and for both working and non-working days. Alternatively, they can be variedx&onple,

if one area is considered higher risk than others.

We also examine the effect of variation in daily work infectioregabver time with a
changing infection risk curve generated using a combination ofnexgtial and sigmoid
functions to represent the potential variations in risk over the gpmionths. The initial
increase grows exponentially in line with the rapid growth in covid-19 patientemsnibnce
the peak is reached there is a plateau for 16 days (e.g. figurekéepmg with reporting
infection rate figures in Italyand Spaifi Following this a gradual decline in risk starts to
occur. As the definitive rate of decline is unknown an estimation employingrared

sigmoid, reaching second plateau by 3 months, is used.

The expected variation in the background daily infection risk & @d$ermined and used as
the infection risk for staff on their non-working or remote-working/sdaThis risk is
calculated as the number of new cases per day divided by the size of thepulation.
Assuming the UK caseload is on the cusp of its peak at the start gftApifiollowing weeks
are assumed to undertake a gradual decline in daily new cases, reachindpyzer
approximately 6 months. The initial rise in background risk is fittddadatd using a least
squares approach; the subsequent downturn is describing using data lih{21& March

— 7" April) at 81% magnitude so that the peaks align (figure 1). Subsequent dataristee

on a steady decline to reach zero by 6 months.

Self-isolation may also be incorporated into the model and this is done usigky af r
infection and self-isolation in a 2:1 ratio, figure based on tperted ratio among physicians

in the UK. Any staff member who self-isolates will be unavailable to work fordays.
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There remains a risk of infection while self-isolating, which we deenehitjan the general
background risk and is arbitrarily set at a daily rate of 0.11% (which acdesuia

approximately 20% being infected during the 2-week isolation period).

As staff progress through the rota the model uses random numbeatgenir line with the
infection risk each day, in order to determine if, and wheach staff member becomes
infected. Within the model the incubation time between exposurenfdection is set to a
median of 5 days with a range of incubation times arrived thratigig fto data from Lauer
et af* (figure 1). After symptom onset, 80% of staff have an iliness thawvsathem to
gradually return to work after 14 days. 97% of the workforce is lbftek 6 weeks post-
symptom onset and they are gradually re-introduced. 3% do not returrrkomtioin the
time period of the analysis. The model is run as a Monte Carlo simutatmgh repeated

sampling and the resulting mean and 95% confidence intervals fdest&$ are plotted.

In addition, it is possible to specify a critical area in which sta#lemust not drop below a
specific number. Staff are moved from other areas to support the critical area amd outp
concerning the number of consecutive days worked, percentage of taarlofvithin the

rota and the number of days redistributed to the critical area are refddriededistribution

is run first with no specific criteria and then with an assignment pwlioyder to spread out
the intensity of work. Staff are selected to move based on how many timesatey h
previously been redistributed to the critical area, with a secondadjtiom on the number of

consecutive days they have worked in a row (up to a maximum of 8).

A simple web application which implements the constant infection rate thlgois available
at https://covid19.sheffield.ac.uk
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Results

We present results for two departments. One uses a proposed shift systam aoute
medical team, based on a proposed shift system for the NHS Nightingséeat London.
The other is based on an approach explored locally for the deliveryighlg bpecialised
tertiary service. We first present relatively simple scenarios thatbearun within our

presently available online web application. We then describe a more ccsefiiay.

Constant daily risk: acute medicine
The shift system is based around a 7-day working pattern ancksutdigotal of 20 staff.
While in reality these would be split into multiple teams working ciiffie shifts on different
days, the pattern can be simplified to one group (table 1).

Shift 1 Shift 2 Shift 3

2 long days 2 nights 3 days off

Table 1. Acute medical team working pattern.

We first consider the at work and off-work daily infection risks, utilising regbfigures for
NHS staff infections and overall population risk. Firstly, on day 52 of the UK covididi9 c
the Secretary of State for Health and Social Care quoted a figure of 6% for theipmapiort
NHS staff off due to covid-19 infectidh The off-work infection risk represents the overall
population risk of infection. There are well documented limitations t@tig®ing approach
to testing and so we considered two countries, th& @Kd Germany. For the period 31st
March - 6th April both countries, interestingly, returned an averagg iddgction rate of
0.0063%.

While there are different constant daily infection rates that catupeoa staff absence of 6%
on day 52 of the model, we present two contrasting approaches: a low-gradelapptioa
daily infection risk of 0.45% and a more pronounced 14.2% daik/ in the low-grade
model a fairly constant absence of staff is seen from around daytt2&rwaverage of 18.5
staff available (95% confidence interval 15.2-20; figure 2a). Uridemore severe daily risk
of 14.5%, the effect is observed much earlier and in a more severe fast@opeak is
observed at day 18, with an average of 3.5 staff available (figure 2b).vEligwiee duration
in which large numbers of staff are absent is much shorter; a 50% redisctstaff is

observed between day 10 and 26, with a return to steady state by day 60.
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Constant daily risk: tertiary specialised service

Here we simulate having 36 doctors available with different servicesliteer: acute ward-
based work, urgent face-to-face clinic appointments and telephares ¢table 2). The shift
pattern is based on the 7-day week, however, in areas 2 and 3 stafs wayk only (e.qg.
Monday-Friday). The inpatients at night are covered by a “hospital at seghice”, with

remote specialist advice available.

Area 1 (Mon-Sun) Area 2 (Mon-Fri) Area 3 (Mon-Fri)
Acute ward work Face-to-face clinics Telephone clinics
2 teams:

4 days on/3 days off

4 days off/3 days on

Daily work risk: Daily work risk: Daily work risk:
6.2% 0.11% 0.0063%

Daily off work risk: 0.0063%

Table 2. Tabulation of the tertiary neurology service.

Here, we demonstrate a different approach to the distribution egftio risk. A report on
the European Academy of Neurology websiten(v.ean.or) described the experience of the
neurology unit in Brescia, Italy, in which 8 out of 18 neurologists (44%) were idfec&2

days®. Using the risks shown in table one results in this number of infedtjoday 32.

Using this model, we derive staffing distributions with a 3-day nddirbor staff available
between days 19 and 22 (figure 3, al-4). As the acute service candideced critical, we
then protect the staff levels in this area which leads to reductions inathesilable to

other areas (figure 3, b1-4).
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Modelling a changing infection risk
We now consider a changing infection risk for both at work and off-work genieds, using
two quoted figures of NHS staff illness at day 52 of the UK crisis.’G#td 25% (see

methods).

For the acute medical team, under the assumptions of the 6% staff illndeg staffing

levels reach their lowest point between days 54 — 60, with an average/ddtaff available
(95% confidence interval 13.9 — 20; figure 4). Adjusting for 25% of $iffig infected on
day 52 (and hence off work) results in a more severe drop in stafir (average of 13.4
available on day 56, 95% confidence interval 16.6 — 8.9). Howevepethe is shorter in

duration lasting 3 days (day 54 — 57).

For the tertiary department trying to maintain both inpatient and teerpavork, a 6% staff
infection figure at day 52 results in lowest staffing levels on days Favs8age of 32.5
available, 95% confidence interval 29 — 36; figure 5). Incregasir25% of staff off on day
52 results in a greater magnitude of staff loss but (an average oféfl &sailable,

confidence interval 17 - 28, day 55).

Staffing levels in the acute work areas could be supported through redistribiustaff
(figure 6). When supporting acute ward-based work as a critical area 4% staff
absence on day 52, we examined the effects of setting criteria fale¢btm of staff. Staff
levels were maintained both with and without conditions, but the latter resuledlictions
in the number of consecutive days worked and maximum number of timemeadtual

was redistributed (figure 7).
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Discussion

We present a simple model and provide examples of how it can be usessaest medical
staff rotas within a variety of different scenarios. The modetlyres information on the
extent and timing of the loss of staff. If the infection risk is edmate and constant, our data
suggest staffing levels dip from around 20 days after the onsetfbfesposure. If the
infection risk increases in line with the present rate of infacdEen in populations, then we

observe a staffing nadir around day 55 of the local epidemic.

In ideal circumstances, the risk to health professionalsdmvoelzero and they could focus
solely on the care of their patients. Unfortunately, this has not diesarved and frontline
staff are withdrawing from clinical duties due to sickness. Our approHiers some insight
into the potential effect of staff illness on staff levels over time. Thaeiralows different
scenarios to be modelled quickly and, while imperfect, may enaathbare leaders to

consider different circumstances and plan mitigation strategies.

We simulate both constant and changing infection rates and wecegiprthat there are
many unknowns in this regard. So far, different countries haperiexced quite different
levels of infection, both at a population level, and dtsohealthcare staff. The reasons for
this are not definitively known but may relate to the approach to cotreahg, self-
isolation, PPE, among others. Similarly, while we have useddbiedvailable evidence we
could find, we cannot be sure how the infection rate changes ovematimoeg healthcare
staff and how different interventions interact. For example, the riskaaftion from working

in a ward with few covid-19 positive patients may be different taitheencountered by the
same staff working on the same ward when/if all patients are covidsi®vpolntuitively,
one might think that the latter poses a higher risk, however, a greatef BPE, or increased

staff experience (for example), could result in the opposite effect.

Infection rates may also vary between different types of hospital emmt e.g.
A+E/ITU/medical ward, again this is unknown. Similarly, infection risltside of the
hospital may also be different across different countries, as walttaa different regions of
an individual country, perhaps relating to factors such as populatioagdaphics, density
and the availability of medical facilities, although there are many potentiar$a By using
available statistics on the background population risg, (®gether with the time period of

encountering covid-19 positive patients«)J the number of days off work within the time
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period (Te) and the number of staff who have been infectgyl (e can estimate an “at

work” infection rate (R;). Mathematically this may be expressed as:
R -1 Trot=Toff N Ni 1
we s ( B ﬁ) (1— Ry)Tors

In our scenarios we introduce the notion of a critical area, one for whiifimngtievels must

not drop below a certain level. In practical terms, this may occilnirvd department, as
demonstrated in our tertiary specialised medicine example, or at teke dewa whole
department (e.g. an intensive care unit). Resource allocationllistugied and there are
many different approaches available. As the redistribution of staff may incos#, ‘that is,
significant changes in work patterns such as duration and intensity, we ieiodsmple
assignment policy to reduce such effects. Such systems coulgleenemted with the use of

feedback loops to optimise staff allocations (8)g.

Lastly, we have not discriminated between different levels of doctor withirexisting
model, although clearly the option to develop this exists. In the UK, guidance has begn issue
on how to group staff at different grade©ften rotas are done for each grade separately and

So our present analysis focuses on a single staff group.

In summary, we describe a simple approach to rapidly examine the poterdtb edff
different staff infection rates on healthcare rotas in the eb®igpandemic. We hope our

results will stimulate discussion on this important area.
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Figure legends
Figure 1. Modelling background infection risk and incubation period.

a. The UK infection rate is used to produce an initial increase in backgrounaqj-
infection risk, the downturn is fitted to emerging data from ltaly. Thes fachieved
using a skew normal distribution plus a third order polynomial.

b. Incubation times reported in Lauer ef'al

c. Distribution curve for the incubation period fitted to the Laeieal data.

Figure 2. Staff levels for the acute medicine team with different at wérinfection rates.
Both models result in 6% of staff being absent on day 52 but do some througmtdfere
work infection risks.
a. A constant low-level infection risk (0.45%/day) produces a long platéaataéf
absence.
b. A higher rate (14.5%/day) results in a more severe but shorter diaffingtevels.
The 6% absence rate on day 52 is now largely achieved by staff returniagkto
after infection.

Figure 3. Modelling multiple areas with differing infection risks.
a. 1-4: Different daily risks are attributed to the three areas butadbratate through
each area the higher risk work drives staff absence across areas.
b. 1-4: A redistribution of staff occurs in order to maintain staff levels &tim=area one
(acute ward based work).

Figure 4. Modelling changing infection risk for acute medicine team.
a. Daily risk for different work areas over time arriving at 6% of stay befhgark due
to infection on day 52 of the model.
b. A relatively low-level loss of staff is seen.
c. Dalily risk for different work areas over time arriving at 25% of stay geiifi work
due to infection on day 52 of the model.

d. A more severe loss of staff is seen over a similar time period to thetvel in (b).
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Figure 5. Modelling changing infection risk for tertiary medical team
a. Daily risk for different work areas over time arriving at 6% of stay befhgark due
to infection on day 52 of the model.
b. 1-4: Arelatively low level loss of staff is seen across all areas of work.
c. Daily risk for different work areas over time arriving at 25% of stay deiifi work
due to infection on day 52 of the model.

d. 1-4: A more severe loss of staff is seen.

Figure 6. Preserving acute care team within a tertiary medicine model.
With 25% of all staff unavailable on day 52 the acute care area (area 1) iceainmand
high staff levels through redistribution of staff from other (noat@careas without (al-4)

and with (b1-4) conditions governing the re-distribution.

Figure 7. Working conditions without and with conditions for redistributi on of staff.
a. 1-4. Frequency histograms for work done by staff as some are redisttibstgaport
the acute care group in figure 6 without any conditions governing the pattermkof wo
allowed. Half of all staff (n=18) are not redistributed at any time (a3).
b. 1-4. Results following use of simple rules for the redistribution of staff detraied
a reduction in important working conditions. Now all staff are redistribatesome

point, but the number of days spent in the new group are much reduged (b3
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