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A regime switch analysis 
on Covid‑19 in Romania
Marian Petrica1,2, Radu D. Stochitoiu3, Marius Leordeanu4,5 & Ionel Popescu1,5*

In this paper we propose a three stages analysis of the evolution of Covid19 in Romania. There are two 
main issues when it comes to pandemic prediction. The first one is the fact that the numbers reported 
of infected and recovered are unreliable, however the number of deaths is more accurate. The second 
issue is that there were many factors which affected the evolution of the pandemic. In this paper we 
propose an analysis in three stages. The first stage is based on the classical SIR model which we do 
using a neural network. This provides a first set of daily parameters. In the second stage we propose a 
refinement of the SIR model in which we separate the deceased into a distinct category. By using the 
first estimate and a grid search, we give a daily estimation of the parameters. The third stage is used 
to define a notion of turning points (local extremes) for the parameters. We call a regime the time 
between these points. We outline a general way based on time varying parameters of SIRD to make 
predictions.

In 2019, Covid19, a virus from the coronavirus family appeared and spread around the world very quickly. This 
changed dramatically our world as we knew it.

On 31st of December 2019, the first cases of infection with an unknown virus causing symptoms similar to 
those of pneumonia were reported in China, to the World Health Organization.

Within less than 3 months COVID-19 outbreak has become a global pandemic, spreading across almost all 
countries all over the world.

The fast-evolving spread of the new coronavirus, which has been officially declared a pandemic, is represented 
below. The charts in Fig. 1 show the countries where there have been reported at least 1000 cases of COVID-19 
infection, at the mentioned date:

While at the beginning of February 2020 the virus was still affecting mainly China, it has started to spread 
rapidly to other countries, and by the end of March 2020, the outbreak was present on all continents, affecting 
most of the countries in the world, which led the World Health Organization to officially name it a pandemic.

The main ideas of this paper. A basic tool in analyzing the spread of the virus is the mathematical mod-
eling. There is a growing body of mathematical models used at the moment as for a small sample by no means 
exhaustive  see1–8.

One of the characteristics of this pandemic is that there were many changes in the evolution. On one hand, 
the political decisions changed the course of the spread at the beginning with various measures, like quarantine, 
isolation, work from home and so on. Later on, other measures like relaxation, mask mandates, summer versus 
winter times, school openings and closing, election times, vaccination campaign, new variants of the virus and 
the travel ban lifting led to many changes in the status of the pandemic.

Any reasonable parametric model of the epidemics has a major difficulty, namely the assumption that the 
parameters are constant over time is unrealistic. However, what one can still do is to use the models on short 
periods of time and then reassemble the local behavior to get a more general picture. This is our guiding prin-
ciple in this paper.

Our approach to modelling the Covid19 evolution in Romania is in three stages.
The starting point is the standard SIR model initiated  in9 and later investigated in depth  in10–12. The basic SIR 

model uses the two basic parameters, the infection rate β and the recovery rate γ . They are assumed constant over 
time, however as we pointed out, the parameters of the model vary over time. However, we exploit this model on 
short periods of time where the assumption of constancy of parameters is still reasonable and thus we get daily 
estimates of the parameters based on 14 days of data.
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We should point out that 14 days seems to be a natural choice in the analysis for many reasons. For instance, 
the relative average period of recovery is 14 days. On the other hand, the infection takes some time to fully 
manifest. Also the global impact of a new variant of the virus takes a number of weeks till it is observed at large 
scale. Particularly to Romania, the health units have the obligation to report the cases involving Covid19 with 
an accepted delay of 14 days.

The mathematical basis for our first stage of the estimation is Proposition 1 which states that given a SIR 
model with constant parameters and data for two distinct days, we can completely determine the parameters. 
We exploit this results in combination with a neural network to do the estimation inspired  by13–15. More details 
are outlined in “Stage I—SIR model and the first round of daily estimates” section. We only point out that the 
construction of this neural network is driven by the SIR model alone. We generate data and then train a neural 
network to learn the parameters. Using then the data, namely the number of infected and recovered, we estimate 
the main two parameters β and γ of the SIR model for short periods of time. This neural network construction 
could potentially be used in a more general framework of dynamical systems.

The second stage is driven by the idea that the number of deaths is more accurate and more reliable. Thus 
we propose a change of the SIR model to account for the dead as a separate category and create a differential 
equation associated to deaths. The idea is that the infected people are evolving into either recovered, as in the 
standard SIR model, or die. The parameters are now, β , the infection rate, γ1 , the recovery rate and γ2 the death 
rate, which models the rate at which the infected pass away.

The basic idea here is to take the outcome of the SIR estimates of the parameters β and γ as a first round of 
approximations and then proceed to a grid search of β , γ1, γ2 around the suggested values from the first stage so 
that the model matches the observed number of deaths. We do this again, daily, utilizing the previous 14 days to 
have a more realistic estimates of the parameters.

The third stage is the definition of a regime. We look at the parameters β , γ1, γ2 and identify the turning points 
(maximum/minimum) of the parameters. We pay more attention to γ2 as predicting the number of deaths is 
presumably more important for the preparation of the medical units involved with fighting the pandemic. Though 
we payed more attention to γ2 , the other parameters have extreme points approximately around the same values.

Having completed the three stages, we can actually use the analysis for predictions. We outline this by using 
a time varying SIRD model and natural estimates of the parameters using regression lines constructed in terms 
of 7 previous days. Based on this we show how one can make predictions. It turns out that for the prediction 
of deaths, this works well with two weeks of prediction and still reasonably well for three weeks forward. The 

Figure 1.  The spread of the Covid19 around the world during the first part of 2020. As one can see, it affected 
the whole world in a very short time. This map was generated with Tableau Desktop Software, version 10.4, 
http:// www. table au. com.

http://www.tableau.com
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predictions cease in the proximity of the turning point justifying again the nomenclature of turning points. 
We insist on the methodology of the approach and complement this with numerical calculations and it can be 
extended to evolution equations for other diseases.

The organization of the paper is as follows. In “The data” section we show the anomalies in data and then 
how we cleaned and adjusted it.

The main method is outlined in “Methodology” section. This is composed of “Stage I—SIR model and the 
first round of daily estimates” where we introduce the SIR model. We provide here the main mathematical result, 
namely Proposition 1 whose proof we postponed in the Appendix. Next, in “The neural network” and “Daily 
estimates of the parameters” sections we present the construction of the neural network and the first estimates 
of the parameters, that we get using the neural network. We continue then with “Stage II—SIRD model and the 
parameter estimates” section where we introduce the SIRD model and in “Parameter estimates” section we show 
the numerical scheme for the estimations. Furthermore in “Stage III—regimes and regime switch” section we 
provide the definitions of turning point and the regime, which is completed by the introduction of time varying 
SIRD model.

In “Predictions” section we provide an approach for the predictions using the estimates already done and we 
illustrate this with the case of prediction of deaths.

The last part, “Conclusions” section, is for concluding remarks. Finally, the Appendix provides the proof of 
Proposition 1.

The data
We import the data from https:// datel azi. ro which keeps a record of all the data during the pandemic in Romania 
starting with 17th of March 2020. We limit the data till 1st of February 2022.

One of the issues is that a first look at the raw data reveals an extreme spike in the number of recovered. This 
is due to the fact that the definition of recovered patient changed in October 2020. This added in one single day 
a very large number of recovered, approximately 44,000 cases, which is the same to the cumulative number of 
cases till that day. We redistributed these extra cases proportionally to the previous days.

The second correction is due to the fact that there are periods of zero reported numbers. This can range 
from a few days to almost three weeks. In addition, the reports during the weekends differ substantially from 
the reports during the weekdays. Also, by law, the medical centers have a flexibility of reporting the data with 
a delay of up to two weeks. Therefore, in order to alleviate these irregularities we use a moving average of two 
weeks. The results are presented in Fig. 2 with the data before and after the cleaning.

Methodology
In this section we outline the principles which guided us in this paper.

There are three main stages. The first stage consists in fitting a neural network on a SIR model to get a first 
round of parameters. Due to the uncertainties in the number of infected and recovered, we can not fully trust 
these results.

The second stage is to fit the parameters based on the more reliable data, namely the number of deceased 
people. To achieve this we propose a SIRD model which combined with the grid search provides a final estimate 
of the parameters.

The third and final stage introduces the definitions of turning point and regime, notions that we use in order 
to make predictions.

Stage I—SIR model and the first round of daily estimates. The SIR model. The first attempts of de-
veloping a mathematical model of the infectious diseases spreading were made at the beginning of the twentieth 
century. One of the most important models that can describe infectious diseases is the SIR model. The first ones 
that developed SIR epidemic models were Bernoulli, Ross, Kermack-McKendrick and Macdonald.

The SIR model is a mathematical model that can be used in epidemiology in order to analyze, at a given 
time for a specific population, the interactions and dependencies between the number of individuals who are 
susceptible to get an infectious disease, the number of people who are currently infected and those who have 
already been recovered or have died as cause of the infection. This model can be used to describe diseases that 
can be contracted just one time, meaning that a susceptible individual gets a disease by contracting an infectious 
agent, which is afterwards removed (death or recovery).

It is assumed that an individual can be in either one of the following three states: susceptible ( ̄S ), infected ( ̄I ) 
and removed/recovered ( ̄R ). This can be represented in the following mathematical schema:

Susceptible Infected Removed
β̄ γ

where:

• β̄ = infection rate
• γ = removed rate.

https://datelazi.ro
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We consider N as the total population in the affected area. We assume N to be fixed, with no births or deaths 
by other causes, for a given period of n days. Therefore, N is the sum of the three categories previously defined: 
the number of susceptible people, the ones infected, and the ones removed:

Therefore, we analyze the following SIR model: at time t, we consider S̄(t) as the number of susceptible indi-
viduals, Ī(t) as the number of infected individuals, and R̄(t) as the number of removed/recovered individuals. 
The equations of the SIR model are the following:

where:

• dS̄
dt  is the rate of change of the number of individuals susceptible to the infection over time;

N = S̄ + Ī + R̄.

(1)



















dS̄(t)
dt

= −
β̄S̄(t)Ī(t)

N

dĪ(t)
dt

=
β̄S̄(t)Ī(t)

N
− γ Ī(t)

dR̄(t)
dt

= γ Ī(t)

Figure 2.  Data adjustments according to the actual practice of reporting the Covid19 numbers in Romania. 
The rows (from top to bottom) present the number of recovered, infected and dead individuals. The left column 
represents the raw data and the right column represents the adjusted data as we presented. As a detail, notice the 
scale and the spike in the first picture which is adjusted as we pointed out. The data is scaled by 10,000,000.
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• dĪ
dt

 is the rate of change of the number of individuals infected over time;

• dR̄
dt  is the rate of change of the number of individuals recovered over time.

Because there is no canonical choice of N, we will transform the system (1) by dividing it by N and considering 
S(t) = S̄(t)/N , I(t) = Ī/N and R̂(t) = R̄(t)/N . It is customary to choose N = 106 for convenience but this is 
just an arbitrary choice. For instance, analysis on smaller communities or cities involves less than 106 , however 
106 is a common choice because countries number their populations in multiples of 106 . With these notations 
we translate (1) into

where β = β̄/N and γ is the same as in (1).
Notice that now we actually have that S(t)+ I(t)+ R̂(t) = S0 + I0 + R̂0 = 1 for all t ≥ 0 . Since we are inter-

ested in the reverse problem, namely determining the parameters β , γ from the observations, we put this as a 
formal mathematical result as follows.

Proposition 1 Referring to the system (2), if we know I0, S0 and the values I(t1), S(t1) for some t1 > 0, these deter-
mine uniquely the parameters β and γ of the system.

It is important to remark that one of the main assumption is that the parameters β , γ do not change in time.

The neural network. Our next goal is to get a rough round of estimates on the parameters β , γ of the SIR model. 
For this we add the deaths to the recovered. Taking into consideration the recommendations/restrictions that 
have been applied by the authorities, in almost all countries (school closure, the ban of public events, social 
distancing recommendation/constraint, self-isolation if experiencing symptoms, quarantine for people tested 
positive), we presume that these parameters are not constant over time. We estimate the parameters based on 
two weeks of (cleaned) data.

To train the neural network we first use the SIR model to simulate data. We build a dataset based on the 
following procedure. 

1. Define a data set � to store the values generated below.
2. Take A = {i/50 : i ∈ {0, 1, . . . , 50}} and B = {j/50 : j ∈ {1, 2, . . . , 50}}.
3. Next we split the interval (0, 0.2) into 10 equal subintervals: Cj = (j/50, (j + 1)/50) with j = 0, 1, 2, . . . , 9 . 

In a similar way we define Dk = (k/50, (k + 1)/50) with k = 0, 1, 2, . . . , 9.
4. For each β ∈ A , γ ∈ B , j ∈ {0, 1, 2, . . . , 9} and k ∈ {0, 1, 2, . . . , 9}
5. For each l in {0, 1, . . . , 200} choose at random (uniformly) 

(a) I0 ∈ Cj

(b) R0 ∈ Dk

(c) solve the SIR equation with parameters β , γ and initial conditions S0, I0,R0 for t ∈ [0, 14].
(d) For each t ∈ {1, 2, . . . , 14} store in � the row (β , γ , t, I0, I(t),R0,R(t)).

Proposition 1 guarantees that if we know any values I0, I(t),R0,R(t) we can uniquely determine the param-
eters β , γ . We use the range of t = 1, 2, . . . , 14 to make the model more robust. At the same time the two weeks 
period is also consistent with the average recovery time of an infected patient of Covid19 and also corresponds 
to the lawful period of reporting of data.

We pick a sub sample (of size 80%) from the rows of � and set

which are the columns of � corresponding to t, I0, I(t),R0,R(t) and the output data is exactly the pair

The neural network we used is of the following form 

1. Dense 64, activation ReLU, with input dimension=4
2. Dense 128, activation ReLU
3. Dense 256, activation ReLU
4. Dense 512, activation ReLU
5. output (β , γ ) with optimizer Adam and loss MAE.

Daily estimates of the parameters. To estimate the parameters from the real data, we proceed as follows. For each 
day k = 0, 1, 2, . . . ,T − 14 (T is the data range) we use the neural network to predict the parameters βk,t , γk,t 

(2)











dS(t)
dt = −βS(t)I(t)

dI(t)
dt = −βS(t)I(t)− γ I(t)

dR̂(t)
dt = γ I(t)

XTrain = �(t, I0, I(t),R0,R(t))

YTrain = �(β , γ ).
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( t = 1, 2, . . . , 14 ) based on the real data I0 = Ireal(k) , I(t) = Ireal(k + t) , R0 = Rreal(k) , R(t) = Rreal(k + t) . 
Thus for each day k we determine 14 estimates of the parameters which are plotted in Fig. 3. Here by Ireal and 
Rreal we refer to the cleaned real data.

In Fig. 4 we take the average of the parameters. For each day k we plot βk = 1
14

∑14
t=1 βk,t and similarly 

γk =
1
14

∑14
t=1 γk,t.

Figure 3.  This is the plot of the daily estimated parameters β and γ . For each day k we take 14 different 
estimates based on real data described above and we plotted the minimum and maximum value.

Figure 4.  This is the plot of the average parameters β and γ by day.
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We should also comment on the fact that the data that is available shows the number of individuals that have 
been tested positive, but it is very likely that the real number of people infected is in fact much higher, as there 
are also asymptomatic individuals, people that are not being tested although they present the specific symptoms, 
so they are not part of the official reports.

Thus the above predictions for the parameters constitutes a good starting point for an optimization proce-
dure we describe now. In order to reduce the effects of the above deficiencies, we consider another model which 
accounts for the number of deceased as a separate compartment.

Stage II—SIRD model and the parameter estimates. The SIRD model. In the sequel we propose a 
model which refines the SIR model. The guiding line is that the number of deaths is the most reliable number we 
can account for, as the number of infected and recovered people could be largely unaccounted.

We have now four variables changing with time. These are S(t), I(t), R(t) and D(t) where R(t) is the proportion 
of recovered and alive people while the D(t) is the proportion of deceased people. We set the interaction as follows

where:

• γ1 = recovery rate
• γ2 = mortality rate

Notice that in this setup the removed population, from classical SIR model, R̂ , bifurcates into recovered 
ones, accounted by R and the deceased ones accounted by D. We can observe that R̂ is the sum of the two factors 
R + D . In this way we separate the dead people from the recovered ones which are mixed up in the classical 
SIR model and we are going to manipulate these equations and reduce the computations to a single equation 
involving only one of these quantities, the most reliable one, namely D(t). To do this we will write all the other 
quantities as functions of D as follows:

The easiest to deal with is R because from the last two equations we get

from which we deduce that R(t) = γ1
γ2
(D(t)− D0)+ R0.

Now, we deal with the function u from S(t) = u(D(t)) . Dividing the first and the last we get

which can be integrated and gives S in terms of D as

On the other hand this allows us to solve for I = v(D) . First we notice that

from which we deduce that

therefore we obtain that (as functions of D)

This last implication works in the case the parameters β , γ1, γ2 are all assumed constant in time. However, if 
they vary with time, then, the equation is a little bit different, the main equation becomes now

(3)



















dS(t)
dt = −βS(t)I(t)

dI(t)
dt = βS(t)I(t)− (γ1 + γ2)I(t)

dR(t)
dt = γ1I(t)

dD(t)
dt = γ2I(t).

S = u(D), I = v(D),R = w(D).

dR

dt
=

γ1

γ2

dD

dt

u′(D) = −
β

γ2
u(D)

S = S0 exp

(

−
β

γ2
(D − D0)

)

.

dS

dt
+

dI

dt
= −(γ1 + γ2)I = −

γ1 + γ2

γ2

dD

dt

S + I +
γ1 + γ2

γ2
D = S0 + I0 +

γ1 + γ2

γ2
D0.

(4)
dD

dt
= γ2I0 − (γ1 + γ2)(D − D0)+ γ2S0

[

1− exp

(

−
β

γ2
(D − D0)

)]

(5)D′(t) = γ2(t)I0 − γ2(t)

∫ t

0

(

γ1(s)

γ2(s)
+ 1

)

D′(s)ds + γ2(t)S0

[

1− exp

(

−

∫ t

0

β(s)

γ2(s)
D′(s)ds

)]
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At this moment we can use the data on the death cases to estimate the parameters involved. As we pointed 
out already, the proportion of infected (or recovered) is grossly underestimated since there are probably more 
infected people than the reported cases tested.

From the technical standpoint, Eq. (5) is not easy to handle and we will use Eq. (4) instead together with the 
implicit assumption that the parameters are constant for short periods of time. More precisely, in our approach 
we take the time interval on which we assume the parameters constant to be two weeks, which is in accordance 
with the lawful time of reporting and also with the dynamic of the time to recovery. In other words, we fit the 
number of deceased on pieces of two weeks where we assume that the parameters do not change.

Parameter estimates. The estimation of the parameters is done using a grid search based on the values already 
found with the SIR model estimates. The main reason is that we now use the previously found set of parameters 
as the starting point of the grid search. We do this dynamically, starting with any given day k and use the next 
14 days forward to search for the set of parameters Ik ,Rk ,βk , γ1,k , γ2,k to find the ones which best predict the 
number of deaths.

We detail here the main steps. 

1. For each day k we take the next 14 days of data. 

(a) Compute β̄k = 1
14

∑k+14
i=k βi , which is the average of the parameters βk discussed in the previous 

paragraph. Similarly we consider γ̄k = 1
14

∑k+14
i=k γi.

(b) Take
  •E = {( 7

10 +
3∗i
100 )× β̄k : i ∈ {0, 1, . . . , 19}},

  •F = {( 7
10 +

3∗i
100 )× γ̄k : i ∈ {0, 1, . . . , 19}},

  •G = {( 7
104

+ 3∗i
105

)× γ̄k : i ∈ {0, 1, . . . , 199}}
(c) Now we solve by grid search the argmin problem 

 where D(t) is the solution of (4) and Data(t) is the reported number of dead individuals.

Figures 5 and 6 illustrate the evolution of the optimized parameters β , γ1, γ2 using (6).

Stage III—regimes and regime switch. We define first a turning point or a regime switch as a time where 
the parameters attain a local extreme (maximum or minimum). A regime is a period between two consecutive 
turning points.

To model the dynamic inside a regime, we use the linear regression in order to make prediction for the future 
periods.

Given times T = {t1, t2, . . . , tk} and positions X = {x1, . . . , xk} we define the regression line obtained using 
the least square optimization. Precisely, we set:

(6)l∗k ,m
∗
k , n

∗
k = argmin

l∈E,m∈F,n∈G

t=k+14
∑

t=k

(D(t)− Data(t))2

Figure 5.  This is the plot of the parameters β , γ1 by day.
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We talked about the existence of different regimes in the spreading of Covid19 because of the measures that 
have been taken, which had a significant impact on the evolution of the infection rate. We consider now a regime 
starting at time p1 , with a set of parameters, ending at time p3 and having the intermediary time p2 . We adapt 
the SIRD model as follows

where σβ , σγ1 , σσ2 represent the regression functions based on a number of consecutive days and the parameters 
β , γ1, γ2 evaluated at these days obtained from the optimization scheme (6). More precisely, we take for a fixed 
day k ≥ 7 , the previous 7 days and we use the regression line based on these days and the values of the estimated 
parameters. The effect of using the regression line has a smoothing effect on the parameters. As we plainly see, 
the parameters are not constant in time, not even for relatively short periods of time (say for instance 30 days). 
This new model is robust to the fluctuation of the parameters.

Below, in Figs. 7, 8, 9 we have the evolution of the estimates obtained in (6) together with the regression lines 
constructed in terms of 7 days. It is important to remark that the predictions lose their power around the turn-
ing points. In each of the cases we have a good indication of the accuracy with which the regression predicts 
the behavior of the parameters. With vertical dotted line we mark the points where we have a local extreme 
(minimum or maximum) in the evolution of γ2 . The turning days are those days k for which the value of γ2(k) 
is an extreme value for the period [k − 7, k + 7] days centered at that given k day.

Predictions
Based on the method outlined above we predict the proportion of deaths into the future. The idea is to use now 
the system (8). More precisely, for any given day k we use the following recipe: 

1. Use 7 previous days of the parameters produced by the estimation procedure from (6) to get the regression 
functions σβ , σγ1 , σγ2.

2. Based on these data, we solve the system (8) for the next 14 or 21 days to see the fit with the real data of 
deceased.

The results are illustrated below in Fig. 10.

(7)

σ(t,T ,X) = a+ bt where

a =
(
∑k

i=1 t
2
i )(

∑k
i=1 xi)− (

∑k
i=1 ti)(

∑k
i=1 tixi)

k(
∑k

i=1 t
2
i )− (

∑k
i=1 ti)

2

b =
k(
∑k

i=1 tixi)− (
∑k

i=1 ti)(
∑k

i=1 xi))

k(
∑k

i=1 t
2
i )− (

∑k
i=1 ti)

2
.

(8)



















dS(t)
dt = −σβ(t) · S(t) · I(t)

dI(t)
dt = σβ(t) · S(t) · I(t)− (σγ1(t)+ σγ2(t)) · I(t)

dR(t)
dt = σγ1(t) · I(t)

dD(t)
dt = σγ2(t) · I(t).

Figure 6.  This is the plot of the parameter γ2 by day.
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Conclusions
One of the characteristic of the Covid19 pandemic is that there were continuous changes of the conditions due 
to many factors. For instance, we can mention the quarantine periods, relaxation, mask enforcement, school 
openings and closings, vaccination campaign, major events, new variants of the virus, time of the year. If we take 
any parametric model, it is natural to assume that the parameters of the model change over time.

On the other hand, the reported numbers of infected and recovered during the pandemic is not reliable. 
Because of this reason we base our estimates on the reported number of deceased people which is, in our opinion, 
more realistic. However, discarding the data of infected and recovered entirely is not reasonable.

In this light, we proposed a three layers approach to the analysis of the pandemic of Covid19.
The first layer consists in using the SIR model to estimate the first round of its parameters, β and γ assumed 

constant for periods of up to 14 days. Technically, we do this using a neural network trained on data simulated 
with the SIR model. Using this neural network and real data for any period of 14 days we generate a pair (β , γ ) 
which best describes the period from the point of view of the SIR model.

The second layer is based on a modification of the SIR model to account for the dead individuals. We call this 
SIRD and to our knowledge it is not used in this framework in the literature (though it is also recently used in 
cite). The SIRD model is depending on three parameters β , γ1, γ2 . Based on the result of the previous layer, we 
use an optimization problem to fit the number of reported deaths. We do this procedure assuming the parameters 
are constant on pieces of 14 days. The result provides, for any given day, a prediction of the parameters of the 
model using the previous 14 days.

Figure 7.  The first plot shows the estimated parameter β together with the regression lines started at each day, 
using the last 7 days data and plotted for 7 days. In the second one, we plotted the regression line for 14 days, 
based on 7 days from the data.
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The last layer consists in using the parameters to determine the turning points, the extreme points of the 
parameters (more precisely we do this for γ2 ). We define a regime as the time period between two turning points. 
This perspective is consistent with our assumption that the parameters are not constant for long periods of time.

This last layer, combined with an adaptation of the SIRD model to account for the change in parameters, leads 
to a way to predict the evolution of the pandemic, at least for short periods of time.

We believe that this proposed methodology is a general one and can be extended to the analysis of spread of 
Covid19 in any country provided that we have relevant data. This methodology can also be extended to many 
other diseases which can be modeled by SIR and SIRD.

Figure 8.  The first plot shows the estimated parameter γ1 together with the regression lines started at each day, 
using the last 7 days data and plotted for 7 days. In the second one, we plotted the regression line for 14 days, 
based on 7 days from the data.
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Figure 9.  The first plot shows the estimated parameter γ2 together with the regression lines started at each day, 
using the last 7 days data and plotted for 7 days. In the second one, we plotted the regression line for 14 days, 
based on 7 days from the data.
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Data availability
We used the public data from https:// datel azi. ro.

Appendix
The goal of this section is to provide the proof of Proposition 1. Recall the system (2) given by

Proposition 2 Referring to the system (2), if we know I0, S0 and the values I(t1), S(t1) for some t1 > 0, these deter-
mine uniquely the parameters β and γ of the system.

Notice there the main assumption, that the parameters β , γ do not change in time.

Proof The first step is to notice that by assumption, β , γ constants in time yields in the first place that

which in turn gives that

and finally integrating this shows that (here we denote ρ = γ /β)

(9)







dS
dt = −βSI
dI
dt = −βSI − γ I
dR
dt = γ I

I ′(t)

S′(t)
= −

βS(t)I(t)− γ I(t)

βS(t)I(t)
= −1+

γ

βS(t)
.

I ′(t) = −S′(t)+
γ

β

S′(t)

S(t)

Figure 10.  This figure shows the predictions (in red) starting at any given day k in which we estimate using 
a standard regression for the past 7 days and use the system (8) to predict for 14 days (first one) and 21 days 
(second one) in the future. We find important to mention that we achieve better prediction for shorter period 
(14 days versus 21 days). In both cases, we observe that the prediction is better between the turning points.

https://datelazi.ro
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In particular, this means that

Typically the initial value of S0 is close to 1 and I0 is relatively small. In particular, if we assume that the epidemic 
ends somewhere then we definitely have I(t) = 0 and thus S(t) solves the equation

In particular if we assume that I(t∞) = 0 and S(t) converges as t → t∞ , then we get in the limit 
that S(t∞) solves (11). One consequence of this argument is that for all time 0 ≤ t ≤ t∞ , we have that 
S(t)− ρ log(S(t)) ≤ α := I0 + S0 − ρ log(S0).

Another important consequence of this model is that if we assume S0 and I0 fixed (obviously R0 will also be 
determined) but, for a given time t = t1 > 0 , knowing S(t1) and I(t1) (therefore R(t1) as well), we can determine 
uniquely the parameters β and γ . Indeed this is clearly seen from (10) which gives

On the other hand, from (10) in the first line of (2), then we obtain that

The problem is that we can not integrate explicitly this to obtain an analytic expression for S(t). However, what 
we can still show is that by knowing I0, S0, I(t1), S(t1) we can determine the parameter β . As we already pointed 
out, we know how to determine ρ = γ /β , thus we can rewrite (12) in the form

Now, for α := I0 + S0 − ρ log(S0) > 0 and ρ > 0 we define for x such that α > x − ρ log(x),

and notice that using this function, integrating (13), we arrive at

from which it is clear that β is completely determined by S(t1), S0, I0 . Knowing β and ρ , we can immediately solve 
for γ = ρβ , thus all parameters are determined.   �

Received: 24 November 2020; Accepted: 22 August 2022

References
 1. Choisy, M., Guégan, J. F. & Rohani, P. Mathematical modeling of infectious diseases dynamics. Encycl. Infect. Dis. Mod. Methodol. 

379, 379–404 (2007).
 2. Ferguson, N. et al. Report 9: Impact of non-pharmaceutical interventions (NPIs) to reduce covid19 mortality and healthcare 

demand, (2020).
 3. Grassly, N. C. & Fraser, C. Mathematical models of infectious disease transmission. Nat. Rev. Microbiol. 6(6), 477–487 (2008).
 4. Kucharski, A. J. et al. Early dynamics of transmission and control of COVID-19: A mathematical modelling study. Lancet Infect. 

Dis. 20, 553–558 (2020).
 5. Sardar, T., Nadim, S. S. & Chattopadhyay, J. Assessment of 21 days lockdown effect in some states and overall india: a predictive 

mathematical study on covid-19 outbreak, arXiv preprint arXiv: 2004. 03487 (2020).
 6. Schüttler, J., Schlickeiser, R., Schlickeiser, F. & Kröger, M. Covid-19 predictions using a gauss model, based on data from April 2. 

Physics 2(2), 197–212 (2020).
 7. Tsay, C., Lejarza, F., Stadtherr, M. A. & Baldea, M. Modeling, state estimation, and optimal control for the US COVID-19 outbreak. 

Sci. Rep. 10(1), 1–12 (2020).
 8. Wakefield, J., Dong, T. Q. & Minin, V. N. Spatio-temporal analysis of surveillance data. In Handbook of Infectious Disease Data 

Analysis 455–476 (2019).
 9. Ross, R. The Prevention of Malaria (John Murray, 1911).
 10. Kermack, W. O. & McKendrick, A. G. Contributions to the mathematical theory of epidemics-I. Bull. Math. Biol. 53(1–2), 33–55 

(1991).
 11. Kermack, W. O. & McKendrick, A. G. Contributions to the mathematical theory of epidemics. III.—Further studies of the problem 

of endemicity. Proc. R. Soc. Lond. Ser. A Contain. Pap. Math. Phys. Charact. 141(843), 94–122 (1933).
 12. Kermack, W. O. & McKendrick, A. G. Contributions to the mathematical theory of epidemics-II. The problem of endemicity. Bull. 

Math. Biol. 53(1–2), 57–87 (1991).

I(t)+ S(t)− ρ log(S(t)) constant in t.

(10)I(t)+ S(t)− ρ log(S(t)) = I0 + S0 − ρ log(S0).

(11)S − ρ log(S) = I0 + S0 − ρ log(S0).

ρ =
I0 + S0 − I(t1)− S(t1)

log(S0)− log(S(t1))
.

(12)
dS

dt
= −βS(I0 + S0 − ρ log(S0)− S + ρ log(S))

(13)
S′

S(I0 + S0 − ρ log(S0)− S + ρ log(S))
= −β .

�(x) =

∫ 1

x

ds

s(α − s + ρ log(s))

�(S(t1))−�(S(0)) = βt1

http://arxiv.org/abs/2004.03487


15

Vol.:(0123456789)

Scientific Reports |        (2022) 12:15378  | https://doi.org/10.1038/s41598-022-18837-x

www.nature.com/scientificreports/

 13. Dua, V. & Dua, P. A simultaneous approach for parameter estimation of a system of ordinary differential equations, using artificial 
neural network approximation. Ind. Eng. Chem. Res. 51(4), 1809–1814 (2012).

 14. Pham, B., Nguyen, T., Nguyen, T. T. & Nguyen, B. T. Solve systems of ordinary differential equations using deep neural networks. 
In 2020 7th NAFOSTED Conference on Information and Computer Science (NICS), 42–47 (2020).

 15. Rudi, J., Bessac, J. & Lenzi, A. Parameter estimation with dense and convolutional neural networks applied to the FitzHugh-Nagumo 
ODE (2020).

Acknowledgements
The last author would like to thank Iulian Cimpean, Lucian Beznea and Mihai N. Pascu for useful discussions 
about this paper. Many thanks to the reviewers of this paper for the comments and directions which led to a 
much better version of this paper.

Author contributions
All authors have been equally contributing to the paper.

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to I.P.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

© The Author(s) 2022

www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A regime switch analysis on Covid-19 in Romania
	The main ideas of this paper. 
	The data
	Methodology
	Stage I—SIR model and the first round of daily estimates. 
	The SIR model. 
	The neural network. 
	Daily estimates of the parameters. 

	Stage II—SIRD model and the parameter estimates. 
	The SIRD model. 
	Parameter estimates. 

	Stage III—regimes and regime switch. 

	Predictions
	Conclusions
	References
	Acknowledgements


