BiTLiS EREN UNIVERSITESI
FEN BIiLIMLERi DERGISI

ISSN: 2147-3129 / e-ISSN: 2147-3188

Article Type : Research Article Year : 2025
Received : December 16, 2024 Volume :14
Revised : January 17, 2025 Issue H|
Accepted  : January 24, 2025 Pages :494-512
DOI : 10.17798/bitlisfen.1602308

IDENTIFIABILITY ANALYSIS OF A MATHEMATICAL

MODEL FOR THE FIRST WAVE OF COVID-19 IN TURKIYE

! University of Turkish Aeronautical Association, Department of Computer Engineering, Ankara, Tiirkiye,

Tugba AKMAN !

takman@thk.edu.tr

ABSTRACT

In this work, a structurally identifiable mathematical model is developed to capture the first
peak of COVID-19 in Tiirkiye. The daily numbers of COVID-19 cases, deaths, prevalence in the
ICU, and prevalence on ventilation, obtained from the open-access TURCOVID-19 database,
during the first peak, are used as observations. Structural identifiability analysis is performed
using the open-source software Julia. For parameter estimation, some parameters are fixed based
on the literature while the remaining parameters are estimated using the Data2Dynamics
software. Our results align well with the observations. Then, a practical identifiability analysis
based on the profile likelihood method is conducted to investigate uncertainties in the parameter
values. It reveals that three of the model parameters, namely the progression rate of
symptomatically infectious individuals to hospital and the transmission rates associated with
exposed and symptomatically infectious individuals, are not practically identifiable. This means
that the implementation of intervention strategies via this model must be performed carefully.

Keywords:  Structural identifiability, Practical identifiability, COVID-19, Mathematical
modeling, Tiirkiye.

hygiene habits, emphasizing effective handwashing, skipping the handshake, working out at
home, increasing reliance on online meetings, and raising awareness about vaccination or

boosters. Once a novel virus began affecting the world, predicting the number of infectious

INTRODUCTION

The novel coronavirus has changed the world in several ways, such as introducing new
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individuals, forecasting upcoming peaks, and determining the most suitable public

interventions became crucial.

Researchers and scientists have paid attention to mathematical models in infectious
disease modeling for decision-making. Intervention strategies and their impacts are compared
using run charts, EWMA control charts, and p-control charts based on COVID-19 data from
Tiirkiye [1]. An algorithm approximating the effect of nodes in complex networks has been
developed under the susceptible-infectious-recovered (SIR) models [2]. We refer the reader to
the studies for reviews on COVID-19 modeling (see, examples [3-5].). On the other hand,
hypothetical models have gained importance in understanding the spread of the disease within
communities. In particular, the potential use of face masks has been investigated in
mathematical models; the importance of face masks together with non-pharmaceutical
interventions is concluded [6]. As more data have been collected, models incorporating
parameter estimation methods have revealed country-based differences driven by intervention
strategies, human behavior, and technology. For example, differences have been observed in
India, Mexico, Wuhan, Sweden, Canada, and Tiirkiye [7-12]. Vaccination programs have been
examined through mathematical models, with findings suggesting that vaccination alone is not
sufficient to control the spread [13]. The effects of awareness programs have also been studied,
with results indicating that awareness and timely hospitalization are critical factors in
eliminating the disease [14]. The impact of testing and isolation has been discussed, and authors
have concluded that the timing of testing and the rate of testing are two key factors in developing
effective control strategies [15]. Malik et al. have expressed the outbreak of COVID-19 as a
fractional order system and considered an inverse problem to find the time-dependent

parameters in the model for the data of India [16, 17].

The construction of a mathematical model consists of several steps [18, Figure. 1].
Model development is followed by structural identifiability analysis. This is necessary because
two different parameter sets can sometimes lead to the same solution curves for a structurally
nonidentifiable model. However, this can result in unrealistic model behavior. In fact, inefficient
control strategies based on such models may cause the disease to spread even more. Therefore,
it is crucial to analyze whether the model is structurally identifiable before proceeding with
model calibration. Model calibration enables the determination of the parameter values in the
model. While model parameters are structurally identifiable, they may not always be practically

identifiable. Therefore, practical identifiability analysis is essential. If any parameter is found
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to be practically nonidentifiable, then one must be careful in making predictions or adjustments

in case of parameter perturbations.

Akman et al. constructed a mathematical model for COVID-19 in Tiirkiye [12], which
captured the first peak using the data from the TURCOVID-19 database [19]. They also
investigated the effect of underreporting [12]. In this work, we extend the model presented in
the work [12] by splitting the symptomatically infectious subgroup into symptomatically
infectious and hospitalized patients and adding a quarantine subgroup to model the first peak
of the spread. Additionally, we investigate both the structural and practical identifiability of the
model, which were not within the scope of the paper by Akman et al. [12]. From this current
study, we have learned that caution is needed when making future predictions or planning
interventions based on this model, as a1, Be, and Bs (the progression rate of symptomatically
infectious individuals to hospital, and the transmission rates associated with exposed and
symptomatically infectious individuals) are not practically identifiable. The rest of the paper is
organized as follows: In Sec. 2, the mathematical model is developed and explained. Sec. 3
presents the structural identifiability analysis. Sec. 4 is devoted to model calibration, followed
by the practical identifiability analysis in Sec. 5. Sensitivity analysis is discussed in Sec. 6.

Simulation results are presented in Sec.7. This paper ends with a summary and conclusion.

2 MODEL DEVELOPMENT

We develop a mathematical model for the first wave of COVID-19 by splitting the total
population of Tiirkiye at time t, denoted N(t), into nine mutually exclusive compartments of
individuals for the period of March 11, 2020 - May 31, 2020. The variables in the model
represent the number of individuals in each compartment: susceptible S:=S(t), exposed E:=E(t),
asymptomatic and infectious but not tested I.:=In(t), symptomatic and infectious Is:=Is(t),
hospitalized and isolated In:=In(t), patients staying at ICU ILicu:=licu(t), ventilated Iy:=I(t),
recovered R:=R(t) and quarantined Q:=Q(t) at time t. Therefore, the total population N:=N(t) is
given by

N=S+E+L+L+h+hcu+y+R+Q.

We use the standard incidence and exclude isolated individuals, as motivated by the
work [21], in the disease transmission state. Susceptible individuals (S) become infected
because of the interactions with exposed individuals (E), asymptomatically infectious

individuals (I,), and symptomatically infectious individuals (Is) at the rates of Be, Bn, and P,
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respectively. The exposed class (E) is affected by this interaction, and the exposed compartment
decreases at the rate of k. A fraction p of exposed individuals show symptoms, while the rest
move to the compartment of asymptomatically infectious individuals (In). Asymptomatically
and symptomatically infectious individuals recover at the rates of y, and ys, respectively.
Symptomatically infectious individuals may develop severe infections and get hospitalized at
the rate of a;. Hospitalized individuals die at the rate of un and recover at the rate of yn.
Hospitalized patients may be transferred to the ICU at the rate of a», and ICU patients may be
ventilated (Iv) at the rate of a3. Both ICU patients and ventilated patients recover at the rates of
vicu and vy, respectively, and pass away at the rates of picu and pvy, respectively. During
simulations, quarantine and isolation strategies are implemented, so susceptible individuals
move to quarantine at the rate of c. We exclude quarantine of the subgroups of E, I, and I, as
quarantine is applied only when the number of infectious individuals becomes too high. Since
we are modeling the early stages of the pandemic, we exclude the terms for natural death, births,

and vaccination. Based on these assumptions, we develop the following model:

ds s
T —(BeE + Pnly + Bsls) N—Tn—Irco—To—0 - 1S, (la)
dE S
ac (.BeE + Bnlp + .BSIS) N—Ipn-licu—~Ip—0Q — KE, (1b)
dry,
at = (1 - p)kE = Ynln, (IC)
dls
& = pkE — (az + 1)1, (1d)
dIh
Pyl arls — (az + vrt updln, (le)
dI

;gu = azlp, — (as + Vicut Wcv)licus (1f)
dr,
Frie aslicy — (Yot W)y, (1g)
dR
ac = VYnln + Vsls + Yulp + Viculicv + Vvlv, (lh)
dQ _ )
E - 7751 (11)
5(0) = So;E(O) = Ey, In(o) = [n,o' Is(O) = Is,o» Ih(o) = Ih,O' IICU(O) = IICU,O ;Iv(o) =
Iv,O R(O) = Rn,O > Q(O) = Qn,O- (IJ)

We proceed with the proofs of existence and uniqueness, positivity and boundedness of

the solution.
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2.1 Model analysis

We observe that the right-hand side of model (1) is completely continuous and locally
Lipschitzian. Therefore, its solution, namely S(t), E(t), In(t), Is(t), In(t), Licu(t), Iv(t), R(t), and
Q(t), with non-negative initial conditions exists and is unique on the interval [0, t*], where 0 <

t* <oo [22].

We first prove that the solution is positive. Consider t* = sup {t > 0: S(t), E(t), Ia(t), Ls(t),
In(t), Licu(t), Iv(t), R(t), Q(t) > 0 }. Then, by integration, Equation (1a) leads to

d b BeEW) + Bnln(u) + Bsls(u)
L (S@ exp(nt + jo NG =160 = Loy () = LG — 0G0

du)) = 0.

Then, we obtain

o BE) + Buln(w) + Bls(u)
S(E=) exp(t* + fo NG — 10 () — Ty () — Iy (w) — Q)

du) — S(0) = 0.

We rewrite this equation to reach

PeE) + Pnln(u) + Bsls(w)
N@W) = In(w) = Ley(w) — L,(w) — Q(w)

tx*
S(t*) = S(0) exp(—nt * —f du) = 0.
0

It means that the solution S(t) is non-negative. Similarly, we can follow the same

approach to prove that all other solutions are non-negative.
We secondly prove that the model variables are bounded above. Therefore, we add all

the equations up in model (1) to obtain

dN .
E= —Unln —Miculicu —Moly < —min(up, Wicw Wy) N = —pN,

where min( Wy, Wicu, L) = K. We observe that N is a decreasing function of time t
and N(t) = N(0)exp(—u t). Then, it means that all model variables are bounded above. We

now proceed with the structural identifiability analysis.

3 STRUCTURAL IDENTIFIABILITY ANALYSIS
Identifiability analysis has been discussed in many studies (for example [23-27]). Here,
we provide a summary based on these works.

A model parameter p; is called identifiable if the confidence interval associated with pi,
denoted [p+i , p—il, is finite. There are two types of identifiability that can be investigated:

structural and practical identifiability. The former is independent of the data and concerns the
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structure of the mathematical model, while the latter considers the observations used for model
fitting. Some mathematical models suffer from structural nonidentifiability, meaning that a

unique parametrization of the model using the available observations cannot be achieved.

We, firstly, investigate the structural identifiability of model (1) by expressing it as

x'(t) = fp)  x(0) = x0, (2)

where x and p denote the states and parameters of model (1), respectively. The data in

this study comes from the open-access TURCOVID-19 database [28, 19]. The observations we
have are the daily number of cases yi(t) = pkE, the daily number of deaths y>(t) = pln +pucu
Licutvly, ICU prevalence ys3(t) = Iicu and ventilation unit prevalence ya(t) = I,. We can write

the observations as:

y(@) =g(xp) . (3)
The model given by Equation (2) is structurally identifiable if the vector p can be
uniquely determined from the observations y(t) in Equation (3), assuming the observations are

unlimited [23]. Otherwise, the model is considered unidentifiable. The formal definition is

provided below [29].

Definition 1. Suppose that p and p are two distinct parameter vectors. Model (1) is said

to be globally (uniquely) structurally identifiable if

g(x,p) = g(x,p) implies p = p. 4)
Definition 2. Model (1) is said to be locally structurally identifiable if for any p within

an open neighborhood of p in the parameter space,

g9(x,p) = g(x,p) implies p = p. (5)

Structural identifiability can be analyzed using various methods, such as the Taylor

series method [30], Lie symmetries [31], generating power series approach [32], and differential
algebra approach [33]. We prefer the differential algebra approach as the open-source software
JULIA [33] and its structural identifiability package [25, 35] can perform this analysis and can
capture both identifiable and nonidentifiable parameters. The differential algebra approach

explains the structural identifiability as follows [36]:
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Definition 3. Suppose that c(p) denotes the coefficients of the input-output equation
corresponding to model (1). We say that model (1) is structurally identifiable from unlimited

observations y(t) if and only if c(p) = c(p) implies p = p.

If a model is not structurally identifiable, reparametrization is required [37].

4 MODEL CALIBRATION

We proceed with parameter estimation for model (1) using the data obtained from the
online database TURCOVIDI19 [19, 28]. The spread of the virus in the community changes
over time due to public interventions. Therefore, we focus on the early dynamics of the spread,
during which we can capture the first peak, specifically the period from March 11, 2020, to
May 31, 2020, in Tiirkiye. We fit model (1) to the data, including the number of COVID-19

cases, the number of deaths, ICU prevalence, and ventilation prevalence. Let
{t; }l it }l 1,{ti} and {t} 2, represent the time points for each observation, respectively.

The measurements contain some noise and can be expressed as
W=yt +e, =12k,
Y; =yo(t) + e, i=12k,,
Yi=ys(t) +e, i=12, ks
Y=y, (t)+¢, i=12-,Kk,. (6)

We estimate the parameters of model (1) by solving the following optimization problem:

2 .2 .2
. 1 wky yaE)-Yi| 1 wky |720)-Y5 1 ks |ys(t)-Y3
min 'P( P ZillT + P ZiilT + o ZiilT +
1 ke ad-vil’
] ¢
w.r.t.the constraintp > 0. (8)

The terms Y% fort € {1, 2, 3, 4} are the average observations written as Y: = %Zﬁl Y;
t

After model calibration, practical identifiability is performed to investigate the

confidence intervals of the model parameters.
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5 PRACTICAL IDENTIFIABILITY ANALYSIS

We proceed with the practical identifiability analysis, as model (1) has been shown to
be structurally identifiable. However, a structurally identifiable parameter may still be
practically nonidentifiable. This often occurs when the observations or data used in model

calibration are insufficient to compute a finite confidence interval [38]. It is defined as follows:

Definition 4. A parameter estimate p; is practically nonidentifiable; despite the unique
minimum of the likelihood for this parameter, the likelihood-based confidence region
associated with the parameter is infinitely extended in increasing and/or decreasing direction of
bi

There are several methods to analyze parameter identifiability, including Bayesian
sampling approaches [39, 40], bootstrap methods [41], and the Fisher information matrix [42].
Additionally, using the profile likelihood method [23, 24], we can determine the practically
identifiable parameters with a 95% confidence interval, allowing us to assess parameter
uncertainties in the model. We prefer this approach because it can be easily implemented using

the d2d software after model calibration [43-45].

6 SENSITIVITY ANALYSIS

Global sensitivity analysis is performed for COVID-19 models to test the robustness of
the model [12, 46]. In this work, the method of the partial rank correlation coefficient (PRCC)
i1s used [47]. The aim is to measure the effect of each model parameter on a variable or
observation to obtain a value between —1 and +1 and to determine the strength of this value.

Computational details and simulation results are discussed in the next section.

7 SIMULATION RESULTS

After constructing the model and determining the type of data to use, we perform
structural identifiability analysis. We use the open-source software JULIA [34] and its
Structuralldentifiability.jl package [25, 35] for the analysis.

However, we encountered a memory error in JULIA. This issue can be resolved by using
linear first integrals, which speed up computations [46]. We apply a suitable transformation to
the model (1) to eliminate one of the unknowns in the system. Details are provided in the

appendix.

501



T. Akman / BEU Fen Bilimleri Dergisi, 14 (1), pp. 494-512, 2025

Based on the analysis performed in JULIA [33], we find that all variables and parameters
of model (1) are globally identifiable. After confirming that the model is structurally
identifiable, we proceed with parameter estimation using the d2d software [43-45]. We fix the
values of some parameters related to the dynamics of COVID-19 based on the literature. The
d2d software uses a deterministic optimisation algorithm, namely Isqnonlin, in the parameter
estimation step [44]. In addition, the d2d software decides the most efficient ODE solver to find
the numerical solution. The parameter interval is set as p € (107, 10°), with the upper bound
for o is fixed as 10'! and the lower bounds for Beand Bs are set as 10~%. The values of parameters

and initial conditions are provided in Table 1.

Table 1. Parameter values.

Parameter Value Unit Source
o 2.8x 101 Day’! Calibrated
o 0.041 Day! Calibrated
03 0.14 Day’! Calibrated
Be 1.4x107 Day! Calibrated
Bn 1.7 Day! Calibrated
Bs 6.3x10° Day’! Calibrated
n 0.19 Day’! Calibrated
Yh 0.1449 Day’! [47]

Yicu 0.231285 Day! [47]
Yn 0.3448 Day’! [47]
Ys 0.1429 Day’! [47]
Yv 0.239209 Day’! [47]
k 1/14 Day! Estimated from [48]
Wicu 0.0605032 Day! [12]
Uh 0.000001 Day’! Adapted from [12]
Uy 0.00029338 Day! [12]
p 0.28 Day’! [12]
So 8 x 107 Individual [12]
Eo 437 Individual [12]
Ino 490 Individual [12]
Is0 1 Individual Data
In0. licuo, Inv,0, Rn0, Qno 0 Individual Data

The optimization problem (7)-(8) is solved as a multi-start optimization problem with
500 iterations. Figure 1 shows that convergence is achieved, and the first-order optimality

criterion is calculated as 3.82169 x 1078,
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0% ' . . . Iikelilhood

O converged fits
— —<— -initial objective function value

0 50 100 150 200 250 300 350 400 450 500
run index (sorted by likelihood)

Figure 1. Overview about the multistart optimization.

We present the simulation results in Figure. 2-5. We observe that model (1) accurately

predicts the dynamics, and the simulation results align well with the model observations.

Cases Death

-
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-2 log(L)g, = 1307.62

AN

0 20 40 60 80 0 20 40 60 80

icu
7 1500
2000 1000
1000 2 500
0 0

0 20 40 60 80 0 20 40 60 80
time [days]

-
o o
o O

num [humans]
o

Ivent
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Figure 2. Simulation results for the number of cases.
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Figure 3. Simulation results for the number of deaths.
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After model calibration, we proceed with the practical identifiability analysis using

profile likelihood, which is performed by the d2d software.

We note that calibrated parameter values pi‘s are displayed by gray stars, and thresholds
for the confidence intervals are shown by the upper and lower dashed lines in Figure 6. We note
that calibrated parameter values pi‘s are displayed by gray stars, and thresholds for the
confidence intervals are shown by the upper and lower dashed lines in Figure 4. We observe
that the parameters a1, e, and Bs are not practically identifiable, as a finite confidence interval
for a1 and Be cannot be determined, and the confidence interval for Ps is very flat. The value of
Be is found at the left end of the parameter interval, indicating practical nonidentifiability. To
overcome this, additional data sets should be incorporated during the model calibration step,
such as data on the number of susceptible individuals. However, such data are difficult to

collect, as it is not possible to test everyone in the population to determine whether they are

infectious.

Cases Death

num [huma
N S
o o
o o
o o o
num [humans]
=)
o o

0 20 40 60 80 0 20 40 60 80

ICU Ivent
-2log(L)gs =973649 ' 1500

1000

o

num [humans]
N

o

o

o

[huma

=

o O

o O O

0 20 40 60 80 0 20 40 60 80
time [days]

Figure 4. Simulation results for ICU prevalence.
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Figure 5. Simulation results for ventilation prevalence.
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We proceed with sensitivity analysis. A MATLAB code developed by Lab has been
modified for implementation of the method of PRCC [48]. Intervals for each parameter are set
starting from half to twice the baseline value, and a uniformly distributed sample space with

1000 sample values is constructed.

We investigate the sensitivities of the number of cases and the number of deaths and
present them in Figure. 7 and Figure. 8, respectively. We choose the days corresponding to the
middle and the end of the simulation interval, namely days 40 and 80, respectively, for
comparison purposes. We observe that the number of cases increases as the parameter B,
increases, while it decreases as the rate of quarantine, the rate of recovery for asymptomatically

infectious.

parameter #1 parameter #2 parameter #3 parameter #4

%1 95% (pointwise)

3895

-2 log{PL)
[ ) (]
om o
8 B

3882

2 4 6 8 10 -1.42 1.4 -1.38-1.36-1.34 0.9 -0.85 0.8 4 £ 4 =2
log, ,(alphat) log,  (alpha2) log,  (alpha3) log, ,(betas)
parameter #5 parameter #6 parameter #7 parameter #8

38886

3895

53894

og{PL

! 3883

3882

R e R R B S S S

0.05 01 045 02 0.28 -5 0 5 074 073 072 28 288 2.9
logm(belan) [ogm(betas) [ogm(eta) [ogm(sd_Cases)
parameter #9 parameter #10 parameter #11

3896

3885

-2 log{PL)
L o
us} o
8 £

3882

11 1.15 12 2.56 26 265 24 245 28 2558
log, 4(sd_Death) log, o(sd_icu) log ,,(sd_ventilation)

Figure 6. Profile likelihood curves.

For day 80, it is inversely proportional to the incubation period 1/k. On the other hand,
the number of deaths is proportional to the parameters . and oz. It means that as the value of
the transmission rate and the rate at which patients are transferred to ICU increases, the more
people pass away. Negative, but the largest sensitivity in magnitude occurs for the parameter 1)

meaning that as the rate of quarantine increases, more lives can be saved.
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PRCC - Cases

Day 40 Day 80 =,

PRCC - Death

Day 40 Day 80 -

Figure 8. Sensitivity analysis for the number of deaths.

8 CONCLUSION AND SUGGESTIONS

We develop a model for disease transmission during the first peak of COVID-19 in
Tirkiye. We observe that our model is structurally identifiable when using the number of
symptomatic cases, deaths, patients in the ICU, and ventilated patients as observations.
Structural identifiability analysis is performed using the open-source software Julia and its
structural identifiability package after simplifying the model based on linear first integrals.
Model calibration is carried out as a multi-start optimization problem, and the simulation results
align well with the data. Next, we investigate the variability of the parameters based on the
profile likelihood method for parameter identifiability. We find that the parameters a., e, and

fs are not practically identifiable. It indicates that the implementation of intervention strategies
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must be carried out with caution. In addition, we performed sensitivity analysis and determined

the effect of the parameters on the observations, namely the number of cases and deaths. The

disease transmission rate of asymptomatically infectious individuals and the rate of quarantine

have the biggest impact on the observations. Indeed, the former is positively correlated, the

latter is negatively correlated with the observations.

As future work, this model can be extended to model subsequent waves of the pandemic

by incorporating delay terms, and the identifiability of the models developed for vaccination

strategies can be investigated.
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APPENDIX

We present the details of the transformation applied to model (1) to speed up the analysis

in Julia, where the variable x1 t0 x9 represents the variables in model (1).

# Transformation #1

# Observe that: x1' + x2' + x9'+ yl1 /tho=0

# Therefore: x1 +x2 +x9 +int_y1 /rho = CI for some constant C1

# We introduce new state int_y1'=1/14 * rho * x2 and make it an output

# Then we can use x1 = C1 - x2 - x9 - int_y1 / rho to eliminate x1 from the system

# Transformation #2
# Observe that: x3' +x4' + x5'+x6' + x7'+x8'- yl /tho+y2=0

# Therefore: x3 + x4 +x5 +x6 +x7 +x8 - int_yl /rtho + int_y2 = C2 for some constant

C2

# We introduce new state int y2' = muh*x5 + mulCU*x6 + muv*x7 and make it an

output

# Then we can use x4 = C2 - x3 - x5 - x6 - x7 - x8 +int_y1 / rho - int_y2 to eliminate

x4 from the system

The code for structural identifiability analysis is given below:

ode = @ODEmodel(

x2'(t) = (betae*x2(t) + betan*x3(t) + betas™(C2 - (x3(t)+x5(t)+x6(t)+x7(t)+x8(t)) +
int_yl(t) / rho - int_y2 ))*((C1 - x2(t) - x9(t) - int_yI(t) / rho)/((C1 - x2(t) - x9(t) - int_y1(t) /
tho)+x2(t)+x3(t)+(C2 - (x3(t)+x5(t)+x6(t)+x7(t)+x8(t)) + int yl(t) / rho - int y2
)+x8(t)+x9(1))) - (1/14)*x2(t),

x3'(t) = (1-rho)*(1/14)*x2(t) - (gamman)*x3(t),
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x5'(t) = alphal*(C2 - (x3(t)+x5(t)+x6(t)+x7(t)+x8(t)) + int_yl1(t) / tho - int y2 ) -
(alpha2+gammah + muh)*x5(t),

x6'(t) = alpha2*x5(t) - (alpha3+gammalCU+mulCU)*x6(t),
x7'(t) = alpha3*x6(t) - (gammav + muv)*x7(t),

x8'(t) = gamman*x3(t) + gammas*(C2 - (x3(t)+x5(t)+x6(t)+x7(t)+x8(t)) + int_y1(t)
/tho - int_y2 ) + gammah*x5(t) + gammalCU*x6(t) + gammav*x7(t),

x9'(t) = eta*(C1 - x2(t) - x9(t) - int_y1(t) / rho),
int_y1'(t) = (1/14) * rho * x2(t),

int_y2'(t) = muh*x5(t) + muICU*x6(t) + muv*x7(t),
y1(t) = (1/14)*rho*x2(t),

y2(t) = muh*x5(t) + mulCU*x6(t) + muv*x7(t),
y3(t) = x6(1),

yA(t) =x7(v),

y5(t) = int_y1(t),

y6(t) = int_y2(t),

println(assess_identifiability(ode, known ic=[x2,x3,x5,x6,x7,x8,x9]))
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