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2.1.1 Two groups of healthcare workers

In order to study the desynchronization strategy, in which the workers are divided in half, one group
works for one week in the hospital while the other works at home, and the week after they change their
functions. In doing so, we model it as two groups of healthy persons susceptible to be infected, H; and
H,, two groups of infected persons in a latent state, L; and L,, and two groups of infected persons
presenting symptoms, I; and I,. The dynamics of each population are described by the following system

of ordinary differential equations

1

di = —f(®O)a1(0)S; — P1(O)S1L, + 1L

dt
dL,
ar f@®ay(t)S1 + p1(t)S1Ly — sLy
dl,
E = SLl -7 11
for the first group and
as
d_tz = —f(®)ay(t)S; — P2(t)SzLy + 11
dL,
ar f@®ay(t)S; + 2(t)SL, — sk,
dl,
E = SLZ bl & 12

for the second group. The rate of change of the work output obeys

0;—[1/ = A(t)(Hy + Ly) + B(6)(H + L)

For this model, we use the same parameters than in the previous model, except for a; and g; (with
j=1,2). Group 1 is one week at home and one week at the hospital, and Group 2 the opposite. Therefore
we simulate our model for the first seven days with 8, = 0, a, = 0.1a,, because the two groups are not
in contact with the co-workers, and we assume that the probability to become infected is higher when
working in the hospital. For the following seven days, we introduce a switch of the group’s location, by
exchanging their parameter values. This procedure is repeated every 7 days. We assume that the
productivity decreases during home office, therefore we choose A(t)=1 and B(t)<A(t) during the odd
weeks and B(t)=1 and A(t)<B(t) during the even weeks.
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Based on the available data of COVID19, we choose s = 1/5day, because the average duration of the

incubation period is 5 days, and r = 1/14day because the average recovery time is 14 days.

Additionally, we chose a logistic function f(t) = ﬁ with characteristic time 7 = 5.

2.2 Model without reinfection allowing for recovery (SLIRW)

2.2.1. One group

In this section we study the effect of a model in which the patients develop immunity to the disease after
the infection. Therefore, we add a variable for the recovered patients, R, which cannot become infected
after reaching that state, and the dynamics are described by the following system of ordinary differential

equations

ds
— = —f(©as - psL

dL
pri f(t)aS + BSL —sL

dI_ L |
E—S—T
dR—I
ac |

dw
— =H+L+R
dt

With S(0)=300, L(0)=0, 1(0)=0, R(0)=0 and W(0)=0 as initial condition.


https://doi.org/10.1101/2020.03.23.20041863
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.23.20041863. The copyright holder for this preprint (which was not peer-reviewed)
is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

2.2.2 Two groups

Here the desynchronization strategy is modelled for a situation in which the workers develop immunity
and cannot be reinfected. This includes two groups of healthy persons susceptible to be infected, H,
and H,, two groups of infected persons in a latent state, L, and L,, and two groups of infected persons
presenting symptoms, I; and I,. The dynamics of each population are described by the following system

of ordinary differential equations, for the first group

ds,
ar —f(®)ai(£)S1 — B1(£)S1L4
dL
d_tl = f(O)a.(£)S; + P1(t)S1L1 — sLy
dl
E = SLl -7 11
dR
= Th
whereas for the second group
ds,
- —f(O)az(t)Sz — B2(t)S2L,

dL,
- f©az(£)S; + B2(t)SzL, — sLy

dl,

— = 5sL,—rl
dt SLy, =T 1

dRy _
e 2

The total work done by the two groups is given by

dw
T A(t)(H;+ Ly + R)) + B(t)(H, + L, + R,)
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3 Results

3.1 Simulations of the SLIW model

First, we study the effect of the infection rates on the health of the workers. In figure 2 we show the
simulations of our systems of ODEs with two representative sets of parameters, low infection rate
(Figure 2A) and high infection rate (Figure 2B). Regardless the values, we observe that the strategy of
dividing the workers in two groups decrease the number of infected workers, thus increasing the
available workforce. In figure 3 A, B we show the number of workers as a function of the infection rates.
We observe that with the desynchronization strategy the number of healthy workers is higher than with

the normal strategy.
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Figure 2. Representative examples of infection rates of healthcare workers with and without
desynchronization (SLIW). Number of healthy workers as a function of time for two sets of parameters
values. (A) Assumption: low infection rate: « = 0.1, § = 0.001. a; = 0.1, 8; = 0.001 during the odd
weeks, and a, = 0.1, 8, = 0.001 during the even weeks.

(B) Assumption: high infection rate: « = 0.2, § = 0.002. a; = 0.2, 8, = 0.002 during the odd weeks,

and a, = 0.2, B, = 0.002 during the even weeks. All rates are in units of day.
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Figure 3. Impact of infection rates on healthcare workers availability. Number of healthy workers as a
function of the infection rates. (A) Normal strategy. (B) Desynchronization strategy a stands for a;

during the odd weeks and «, during the even weeks, idem for 8. The rates a and g in units of day*.

So far, we have observed that the desynchronization strategy increases the number of healthy workers.
Next, we aim to determine the economic impact of this strategy for the company. Therefore, we simulate
our model for 6 weeks and we represent the value of W divided by the total number of workers as a
function A(t) and B(t) during the home office week (Figure 4). We observe that if the productivity
decreases by 50% during the home office week, the normal strategy performs better than the
desynchronized strategy. For higher values (75% or 100%) of the home office productivity, the

desynchronized strategy outperforms the normal strategy for high infection rates.
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Figure 4. Impact of infection rates on the productivity. Value of the work output W(t) divided by the total
number of workers at the end of the simulation (6 weeks) for the normal strategy (Strategy 1), and
different values of the home office productivity with the desynchronized strategy (Strategy 2). (A)
Strategy 1, (B) Strategy 2, with productivity at home B=0.5, (C) Strategy 2, productivity at home
B=0.75, (D) Strategy 2, productivity at home B=1. The rates @ and f in units of day.

3.2. Simulations of the SLIRW model

First, we study the effect of the infection rates. In figure 5 we show the simulations of our systems of
ODEs with two representative sets of parameters. Regardless the values, we observe that the strategy
of dividing the workers in two groups increase the number of healthy workers during the peak of
infection. In figure 6 we show the number of minimum healthy workers as a function of the infection

rates during a 6 weeks simulation.
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Figure 5. Representative examples of infection rates of healthcare workers with and without
desynchronization (SLIRW). Number of healthy workers (susceptible plus recovered) as a function of
time.

(A) Assumption: low infection rate: « = 0.1, § = 0.001. a; = 0.1, §; = 0.001 during the odd weeks, and
a, = 0.1, §, = 0.001 during the even weeks.

(B) Assumption: high infection rate: a« = 0.2, § = 0.002. a; = 0.2, ; = 0.002 during the odd weeks,

and a, = 0.2, B, = 0.002 during the even weeks. All rates are in units of day.
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Figure 6. Impact of infection rates on healthcare workers availability during the peak infection rate.
Minimum fraction of healthy workers during a simulation as a function of the infection rates. (A) Normal

strategy. (B) Desynchronization strategy « stands for @, during the odd weeks and a, during the even

weeks, idem for 8. The rates a and g in units of day*.
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So far we have observed that the desynchronization strategy increases the number of healthy workers
also in the situation without reinfection. To determine the economic impact, we simulate our model for 6
weeks and we represent the value of W as a function « and g, for different values of the home office
efficiency (Figure 7).
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Figure 7. Impact of infection rates on the productivity. Value of W(t) at the end of the simulation for the
normal strategy (Strategy 1), and different values of the home office productivity with the
desynchronized strategy. (A) Strategy 1, (B) Strategy 2, productivity at home 0.5, (C) Strategy 2,
productivity at home 0.75, (D) Strategy 2, productivity at home 1. The rates a and g in units of day*.


https://doi.org/10.1101/2020.03.23.20041863
http://creativecommons.org/licenses/by/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2020.03.23.20041863. The copyright holder for this preprint (which was not peer-reviewed)
is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY 4.0 International license .

3.3. Comparison: SLIW vs SLIRW models

Next, we compared the SLIW and SLIRW. In doing so, we defined iy as the infection rate and we
computed the value of W as a function the home office efficiency for different values of the infection rate,
by choosing a@ = 0.1i and B = 0.001i; (Figure 8). We observe that for the SLIW model requires a
smaller home office efficiency than the SLIRW model.
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Figure 8. Value of W (work done) at the end of the simulation as a function of the home office
efficiency for different infection rates, where a = 0.1i; and § = 0.001i;. The dashed threshold is the
productivity with the 1 group strategy. (A) SLIW model. (B) SLIRW model. (C) Value of home office
efficiency B needed to be as productive as the normal strategy, as a function of infection rates, where
a = 0.1liz and 8 = 0.001i; for SLIW and SLIWR models.
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4 Discussion

Given the urgent need to protect caretakers, we present here modelling approaches that address the
impact of desynchronization of healthcare workforces in a short report. We have developed two time-
dependent compartmental models (SLIW/SLIRW with and without reinfection) by adapting the SAIR
model of (9-11). A time-dependent compartmental model was included to account for the
desynchronization of healthcare teams. In addition to the availability of healthcare workers, we modelled
productivity by incorporating different levels of work performed at home office.

The SLIW model showed that the desynchronization strategy is associated with an increase of the
number of healthy workers compared to no desynchronization (Figure 2). This effect is present with both
high and low levels of infection rates (Figure 3).

Next, we incorporated productivity of the workers in the period of home office. In practice, productivity
of home office may depend on the tasks, which may be done outside the hospital such as writing reports.
We have modelled the productivity rate of home office as a function of the infection rates. Figure 4 and
figure 8 show that, for our case study model of COVID-19, a decrease of productivity to 50% during
home office (only half of the time can be used for productive work) does not imply a substantial decrease
of the overall productivity. However, if the productivity at home office is above 75%, overall productivity
is increased with a desynchronization strategy for high infection rates.

When the SLIRW model was used to incorporate full recovery without the potential of reinfection, the
protective effect of desynchronization weans over time (Figure 5). In this situation, however, the number
of healthy workers with desynchronization increases, especially during the peak of infected workers
(Figure 6). This observation is potentially the consequence of workers being immune to the infection
thereby not requiring a desynchronization anymore. The protection of healthcare workforce (Figure 6)

and productivity (Figure 7) also depends to the infection rate in SLIRW model.

Next, we aimed to determine the ideal level of productivity for each model (Figure 8). The ideal home
office productivity strongly depends on infection rates in the model with reinfection (SLIW). In this model
productivity is required to be around 60% for infection rates 3 and 10. In the model without reinfection
(SLIRW), which is rather the case with COVID-19, the home office productivity needs to be higher in

order to keep overall productivity similar between the one and two group strategy.

However, the way the model was designed, we artificially included a handicap to the desynchronization
strategy. As long as it remains unclear if reinfection is possible, the desynchronization strategy would
be maintained. Such strategy would be stopped for recovered workers if reinfection does not occur

because of immunity.

Our model has limitations that be addressed in multiple ways. Accounting for noise will be required in
our model to identify if the stochastic effects can change the studied mean-field dynamics. Another
extension would be to add asymptomatic patients to the model, that is, patients that pass the infection

without presenting symptoms. Furthermore, the model does neither address at what costs such a
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desynchronization strategy would come. Given that a complete set of workers is always present, there

might be losses of acquired experience for the group absent. Furthermore, these models neither address

the impact of length of duty shifts nor the impact of potentially impaired communication as a

consequence of decreased interactions between healthcare workers.

In summary, our model is a starting point to study how to protect healthcare workers while determining

economic impact during a pandemic outbreak.
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