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a b s t r a c t 

Background and Objective: Respiratory diseases caused by viruses are a major human health problem. To 

better control the infection and understand the pathogenesis of these diseases, this paper studied SARS- 

CoV-2, a novel coronavirus outbreak, as an example. 

Methods: Based on coupled computational fluid and particle dynamics (CFPD) and host-cell dynamics 

(HCD) analyses, we studied the viral dynamics in the mucus layer of the human nasal cavity-nasopharynx. 

To reproduce the effect of mucociliary movement on the diffusive and convective transport of viruses in 

the mucus layer, a 3D-shell model was constructed using CT data of the upper respiratory tract (URT) 

of volunteers. Considering the mucus environment, the HCD model was established by coupling the tar- 

get cell-limited model with the convection-diffusion term. Parameter optimization of the HCD model is 

the key problem in the simulation. Therefore, this study focused on the parameter optimization of the 

viral dynamics model, divided the geometric model into multiple compartments, and used Monolix to 

perform the nonlinear mixed effects (NLME) of pharmacometrics to discuss the influence of factors such 

as the number of mucus layers, number of compartments, diffusion rate, and mucus flow velocity on the 

prediction results. 

Results: The findings showed that sufficient experimental data can be used to estimate the correspond- 

ing parameters of the HCD model. The optimized convection-diffusion case with a two-layer multi- 

compartment low-velocity model could accurately predict the viral dynamics. 

Conclusions: Its visualization process could explain the symptoms of the disease in the nose and con- 

tribute to the prevention and targeted treatment of respiratory diseases. 

© 2023 Elsevier B.V. All rights reserved. 
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. Introduction 

Due to the outbreak of the novel coronavirus disease (COVID- 

9) and relevant popular science, respiratory diseases are no longer 

n unfamiliar topic. Other diseases caused by respiratory viruses, 

uch as Influenza-A, MERS-CoV, and Ebola are also well-known 

hreats to human health. To understand the infection dynamics and 

athogenesis of these viruses, we used the severe acute respiratory 

yndrome coronavirus 2 (SARS-CoV-2), which causes COVID-19, as 

n example to perform research because of the most recent global 

andemic [1] . 

Clinical data are indispensable for studying the nature and in- 

ection mechanisms of SARS-CoV-2. Modern viral dynamics mod- 

ling and its success in human immunodeficiency virus (HIV) 

esearch have allowed viral dynamics modeling to be extended 
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o study a large number of other viral infections. Therefore, re- 

earchers use the host-cell dynamics (HCD) approach, based on 

linical data, to predict viral loads and better understand viral 

eplication and the host immune response during infection. HCD 

efers to the complex interplay between a virus and the cells it 

nfects [2] . When a virus enters a host cell, it hijacks the cellu- 

ar machinery to replicate itself, which can lead to damage to the 

ost cell and potentially cause disease [3] . The host cell, in turn, 

ounts a response to the virus, which can involve various im- 

une cells and signaling pathways [4] . The dynamics of this re- 

ationship between virus and host cell can be influenced by a va- 

iety of factors, including the characteristics of the virus (such as 

ts structure and replication cycle), the properties of the host cell 

such as its receptors and immune response), and environmental 

actors (such as temperature and pH) [5] . Understanding host cell 

ynamics is important for developing treatments and vaccines for 

iral diseases. By studying the mechanisms of viral infection and 

he host response, researchers can identify potential targets for 

herapies and gain insights into how the immune system can be 

https://doi.org/10.1016/j.cmpb.2023.107622
http://www.ScienceDirect.com
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http://crossmark.crossref.org/dialog/?doi=10.1016/j.cmpb.2023.107622&domain=pdf
mailto:li.hanyu@kyudai.jp
https://doi.org/10.1016/j.cmpb.2023.107622


H. Li, K. Kuga and K. Ito Computer Methods and Programs in Biomedicine 238 (2023) 107622 

h

[

i

(

e

w

o

f  

w

w

v

f

p

r

s

m

fi

c  

p

a

d

p

p

f

v

s

p

r

S

i

p

p

o

e

p

a

c

i

S

fi  

s

f

e

e

S

h

r

s

T

c

t

c

r

t

c

d

m

p

r

s

S

a

c

m

t

H

h

b

d

e

o

d

r

a

l

v

t

h

r

u

r

i

D

s

c

s

i

i

d

T

1

m

i

w

d

l

i

r

e

s

t

p

[

t

t

t

I

d

w

i

c

b

r

i

t

c

p

n

s

m

u

r

m

n

c

n

o

r

[

t

arnessed to combat viral infections [6] . Previously, Wang et al. 

7] conducted a cohort trial with 23 patients of varying ages to 

nvestigate viral loads using reverse transcriptase quantitative PCR 

RT-qPCR) when the exact mechanism was unknown. They discov- 

red that the highest viral load in saliva occurred during the first 

eek after symptom onset, and then declined. Additionally, they 

bserved that older patients had higher viral loads. This was dif- 

erent, however than the findings of a study by Wölfel et al. [8] ,

ho found that the peak viral load, measured by throat swabs, 

as four days after symptom onset in nine cases, indicating that 

iral load is variable and dependent on the individual. They also 

ound that SARS-CoV-2 was not only detectable in the lower res- 

iratory tract (LRT), but also actively replicated in the upper respi- 

atory tract (URT). Considering the different times of infection on- 

et, Hernandez-Vargas et al. [9] proposed a dynamic mathematical 

odel including immune cell responses that best represented the 

tting data of SARS-CoV-2 in infected patients based on the target- 

ell limited (TCL) model, and the data of Wölfel et al. [8] , which

redicted that the replication of SARS-CoV-2 was likely to be slow 

t the beginning of infection. Gastine et al. [10] established a viral 

ynamic dataset based on patient-level data on viral load from 645 

atients aged 1 month to 100 years and used a multivariate Cox 

roportional hazard (Cox-pH) regression model and a simplified 

our-parameter nonlinear mixed effects (NLME) model to estimate 

iral clear time and fit viral load tracks to the sampling sites, re- 

pectively. They indicated that virus clearance took longer in older 

atients, men, and patients with more severe diseases, and that 

elated drugs were associated with rapid clearance of the virus. 

imilar conclusions were reached in a study by Neant et al. [11] , 

n which the mortality and virological information from 655 hos- 

italized patients were analyzed. The TCL model with an eclipse 

hase, immune responses, and empirical Bayesian estimation (EBE) 

f individual parameters using non-parametric tests were used to 

stimate relevant parameters and assess risk factors. The model 

redicted median viral load peaks coinciding with symptom onset 

nd simulated the effects of effective drug interventions on viral 

learance time and mortality. The results showed that viral dynam- 

cs correlated with mortality in hospitalized patients. Because the 

ARS-CoV-2 viral load changes rapidly, Agyeman et al. [12] used 

ve different modeling methods to fit the two datasets [ 10 , 11 ]

tarting within 7 days of symptom onset and evaluated their per- 

ormance. They suggested that simple models should be consid- 

red for the development of the pharmacodynamic model. How- 

ver, the development of a suitable pharmacodynamic model for 

ARS-CoV-2 needs to be explored. Perelson et al. [13] reviewed the 

istorical development of mathematical models and highlighted 

ecent contributions to the application of these models to under- 

tand SARS-CoV-2 infection, emphasizing the power of the simple 

CL model and its evolution into more complex models capable of 

apturing greater detail. Robinot et al. [14] investigated the func- 

ional and structural consequences of SARS-CoV-2 infection in a re- 

onstructed model of the human bronchial epithelium. SARS-CoV-2 

eplication causes a temporary decline in epithelial barrier func- 

ion, and epithelial antiviral defense mechanisms (including basal 

ell mobilization and interferon induction) are overwhelmed and 

isrupted by active viral replication. Therefore, based on the TCL 

odel, the immune response phase seems to be less important for 

redicting virus dynamics. 

Although a single mathematical model based on empirical pa- 

ameters can roughly describe the trend of the viral load, it is 

till insufficient to describe the specific dynamics and hotspots of 

ARS-CoV-2 in the respiratory tract. To further delineate and visu- 

lize virus dynamics, computational fluid-particle dynamics (CFPD) 

an be considered as a promising approach coupled with the HCD 

odel. As mentioned previously, the ability of SARS-CoV-2 to ac- 

ively replicate in the URT has attracted widespread attention. 
2 
ofer et al. [15] suggested that COVID-19 begins when people in- 

ale respiratory aerosols that contain virions. Therefore, the distri- 

ution of inhaled virus-laden particles is an influential initial con- 

ition for predicting viral dynamics in the respiratory tract. Guo 

t al. [16] simulated the transportation and deposition of droplets 

f 1–50 μm in diameter released from the trachea or bronchus 

uring exhalation using a real reconstruction model of the human 

espiratory tract. They showed that droplet deposition was mainly 

ffected by the droplet diameter and exhaled flow rate, and the 

arger the flow rate, the fewer the droplets released into the en- 

ironment. For inhalation, based on CFD and fluid-solid interac- 

ion (FSI), Mortazavi et al. [17] studied the airflow field during 

uman URT SARS-CoV-2 microdroplet injection in a well-validated 

eal anatomical model from Computer Tomography (CT) data and 

sed a discrete phase model (DPM) to solve the field. An accu- 

ate assessment of the temporal and spatial motion of the deposits 

n virus-impregnated droplets was obtained by means of in vitro 

PM in the upper respiratory system with oral inhalation, which 

howed that the amount of microdroplet deposition in the nasal 

avity was less when only inhaled through the mouth, but the 

tay time was long. However, nasal breathing physiologically dom- 

nates in daily life; therefore, they conducted another study [18] , 

n which they used the physical properties of SARS-CoV-2 to study 

roplet behavior and deposition patterns during nasal inhalation. 

hey attempted to simulate the process by which viral droplets of 

–10 μm inhaled through the nose were deposited in the URT. The 

odel suggested that viral droplets accumulate in the nasal cav- 

ty and remain in the upper turbinate for a long time, interfering 

ith the subjects’ olfaction. With an increase in the flow rate and 

roplet diameter, the URT contamination process increased. Simi- 

arly, by establishing and studying two airway models created us- 

ng CT data, Phuong et al. [19] predicted the total deposition and 

egional deposition of particles with 1–10 μm aerodynamic diam- 

ters in an actual human URT under nasal inhalation and demon- 

trated the influence of the interdisciplinary variation of deposi- 

ion fractions. Further, considering the practical application of res- 

iratory model for inhalation exposure risk assessment, Yoo et al. 

20] used the experimental results of PIV on the replica URT model 

o verify the prediction accuracy of particle transport and deposi- 

ion analysis. 

The study of virus dynamics should not stop with the deposi- 

ion of virion-carrying particles in the respiratory tract using CFPD. 

t is possible to carry out a series of activities, such as convection, 

iffusion, infection of target cells, replication, and removal, along 

ith the mucus flow of the mucus layer after the virus is deposited 

n the URT mucosa [21] . With the progress of related research, host 

ells with angiotensin-converting enzyme 2 (ACE2) and transmem- 

rane protease serine 2 (TMPRSS2) as the receptor and coreceptor, 

espectively, are considered to be a breakthrough in SARS-CoV-2 

nvasion [22–24] , which is of guiding significance for the selec- 

ion of target cells in its dynamic prediction. Therefore, the mu- 

us layer acts as the first line of defense against inhaled unwanted 

articles [25] and the function of mucociliary movement should 

ot be underestimated. Because the diameter of drug particles is 

imilar to that of SARS-CoV-2 and other coronaviruses (approxi- 

ately 100 nm) [26] , CFD methods considering the mucus layer 

sed in intranasal drug delivery can be used as a reference in vi- 

al dynamics research. There are two common models: one is the 

ethod used by Rygg et al. [22] to convert three-dimensional (3D) 

asal geometry into a surface-based two-dimensional (2D) model, 

alculate its mucus velocity field, and verify it with the in vivo 

asal clearance rate. This study established a complete CFD model 

f nasal aerosol delivery, from the point of spray formation to the 

espiratory epithelial surface for absorption. Second, Shang et al. 

27] built a 3D-shell model based on the actual geometric shape of 

he nasal cavity. Shang also conducted a comparative study [28] on 
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Fig. 1. Combination of the HCD model and the convection-diffusion term in the mucus layer. 
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he two methods and found that the results of the 3D-shell model 

ere in better agreement with the experimental data. Hence, in 

ur previous study [29] , a 3D-shell CFPD-HCD model coupled with 

he convection-diffusion term was used to understand the viral 

nfection dynamics in the mucus layer. However, the parameters 

sed in that study from clinical data fitting did not apply to the 

eveloped model because the predicted trends were slightly differ- 

nt from the clinical data values, which means that this model is 

ighly sensitive to the initial conditions and parameters. Therefore, 

arameter optimization and dataset selection are worth exploring. 

In this study, the existing model [29] was further improved 

ased on the properties of the respiratory mucus layer. Here, the 

ARS-CoV-2 human challenge dataset [30] without drug treatment 

ith a clear date of virus inoculation was selected for parameter 

tting optimization by Monolix [ 31 , 32 ]. The viral dynamics over 

ime in the nasal cavity-nasopharynx were visualized in the 3D- 

hell model by the CFPD method, which will contribute to the pre- 

ention and region-specific treatment of COVID-19. 

. Methods 

Here, we describe in detail the improved HCD model, the initial 

ondition settings, and the optimization of related parameters and 

nfluencing factors. The establishment of the 3D-shell model used 

or CFPD simulation has been detailed in previous studies [29] . 

.1. Model review and initial conditions settings 

The HCD model developed in this study is a simple target-cell- 

imited model combined with a convection-diffusion term. Fig. 1 

hows a series of processes that occur after the deposition of virus- 

aden particles into the mucus layer. The mucus layer can be di- 

ided into two layers [ 33 , 34 ] with an upper high-viscosity gel layer

nd a lower low-viscosity sol layer. When viruses are released into 

he mucus, they carry out convection and diffusion, along with 

ucus flow. Additionally, when they bind to the receptors on the 

arget cell surface, they commence infection, replication, re-release, 

learance, and apoptosis. 

The formula corresponding to the above figure [29] is as fol- 

ows: 

∂ V L 

∂t 
+ 

∂ U i V L 

∂x i 
= D v 

∂ 2 V L 

∂x 2 
i 

+ 

p ′ 
V m 

I i − c V L (1) 

∂T i 
∂t 

= −βT i V L (2) 

∂ I i 
∂t 

= βT i V L − δI i (3) 

here T, I, and V L are the number of target cells, number of in-

ected cells, and viral load, respectively. As for the parameters in- 

olved in the equations, it is assumed that SARS-CoV-2 infects 
3

usceptible target cells at β (copy /mL/ day) rate. Infected cells 

re cleared at δ (day −1 ) rate due to cytopathic viral effects and 

mmune responses. Meanwhile, c (day −1 ) and p’ (copy/day/cell) 

epresent the rate at which the virus is cleared and the rate at 

hich the infected cell produces and releases the virus, respec- 

ively. V m 

(mL) represents the mucus volume obtained by multi- 

lying the surface area and thickness of the mucus. In addition, 
¯
 (m/s) is the average flow velocity of mucus in the nasal cavity- 

asopharynx. The nasopharyngeal outlet velocity of the model was 

et to 0.0 0 0167 m/s (10 mm/min), which is normal to the bound- 

ry within the range (8–10 mm/min) of mucus flow at the poste- 

ior of the nasal cavity as Shang et al. mentioned [28] . D v (m 

2 /s)

s the diffusion coefficient of SARS-CoV-2 into the mucus layer. As- 

uming that the temperature T in the airway is constant at 310 K, 

nd the viscosity of water μ0 at this temperature is 0.0 0 071 Pa ·s, 

hen D v can be estimated as follows: 

D v 

D 0 

= e 
− π

4 

(
r v + r f 
r g + r f 

)2 

(4) 

 0 = 

k B T 

6 πμ0 r v 
(5) 

here D 0 (m 

2 /s) is the diffusion coefficient of SARS-CoV-2 in water 

stimated by the Stokes-Einstein equation, and r v , r f, and r g repre- 

ent the effective radius of SARS-CoV-2 (5 × 10 −8 m), the radius of 

ucin fibers in mucus (3.5 × 10 −9 m), and effective reticular fiber 

pacing of the mucin network (5 × 10 −8 m), respectively. k B repre- 

ents the Boltzmann constant (1.380649 × 10 −23 J/K). Furthermore, 

he density ρ of 10 0 0 kg/m 

3 and viscosity μ of 12 Pa ·s were set to

escribe the mucus properties, and the source term S m 

was cou- 

led into the continuity equation for the mucus domain [27] : 

 m 

= ρ( ∇ · �
 u ) (6) 

Previous studies have proven that the HCD model is sensi- 

ive to initial conditions and parameter settings. With a deep un- 

erstanding of the SARS-CoV-2 infection mechanism, it is esti- 

ated that approximately 20% of respiratory epithelial cells ex- 

ress ACE2 receptors and TMPRSS2 coreceptors [35] . These cells 

ay become susceptible to SARS-CoV-2 infection. The number of 

pithelial cells in the airway was calculated based on the sur- 

ace area of the airway and the surface area of each epithelial 

ell, which was assumed to be 4 × 10 –11 m 

2 /cell [36] . The ini-

ial number of target cells, T (0), was estimated based on this in- 

ormation. The initial number of infected cells I (0) was assumed to 

e 0. 

The initial V L (0) was estimated based on the distribution of 

roplets deposited in the nasal cavity-nasopharynx (evaporation 

r condensation were not considered here), and the initial viral 

oad value was calculated based on the amount of virus carried 

y droplets of different sizes. For the deposition of droplets, we 
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Fig. 2. Initial viral load V L (0) acquisition process. a) Infection scenario hypothesis, b) Healthy CSP with a 3D-URT, c) Droplets deposition. 

Fig. 3. Model partitioning modes. a) 1 compartment, b) 10 compartments, c) 20 compartments. 

Fig. 4. Schematic diagram of the viral dynamics with the one-layer multi-compartment model. 
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eferred to our previous studies [ 37 , 38 ] and briefly introduced the

imulation method here, we used the droplet deposition results as 

ne of the initial conditions in this study. As shown in Fig. 2 a, we

ssumed that two computer-simulated persons (CSPs) stand face- 

o-face in a 3 × 3 × 3 m 

3 displacement-ventilated space. Consid- 

ring the worst-case scenario, we assumed that an infected patient 

purple CSP near the air inlet) coughs once, and a healthy suscepti- 

le person (gray CSP opposite the infected person near the air out- 

et) is simultaneously taking a 4 s cycle of nasal breathing, where 

hey were 1 m apart without wearing masks. To obtain the distri- 

ution of virus-laden droplets in the URT of susceptible individuals, 

 3D-URT model based on CT data was combined with the healthy 

SP, which was depicted in Fig. 2 b. Based on the total number 

f droplets produced in a cough and the distribution of droplet 

izes, it was estimated that 45,0 0 0 particles with a size range of 

–10 μm, accounting for approximately 70% of the droplets pro- 

uced in a cough [ 29 , 39 , 40 ], were generated from the mouth of

he infected CSP. Lagrangian tracking analysis of the particles was 

hen performed using the transient simulation of CFPD. The results 
4

howed that more than 90% of the inhaled droplets were deposited 

n the nasal cavity-nasopharynx, as shown in Fig. 2 c, which also 

roved that it was reasonable and necessary to study this part of 

he URT. 

.2. Parameter optimization 

Optimizing the parameters such as β , δ, c and p’ in the model is 

rucial for accurately representing the biological system, calibrat- 

ng the model to experimental data, performing sensitivity analy- 

es, comparing different models, and guiding the development of 

ew treatments. By optimizing these parameters, the model can 

ore accurately represent the dynamics of the host-pathogen in- 

eraction. This can lead to better understanding of the underlying 

iological processes and help guide future research or treatments. 

herefore, based on non-linear mixed effects modeling (NLME) for 

harmacometrics, Monolix software was used to fit the SARS-CoV- 

 human challenge dataset to optimize the parameters in the HCD 

odel, and then the optimized parameters were introduced into 
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Fig. 5. Schematic diagram of the viral dynamics with the two-layer multi-compartment model. 

Fig. 6. Illustration of parameter fitting by Monolix . a) Diffusion case-1L20C, b) Convection-diffusion case-2L20C. 
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NSYS/Fluent (ANSYS Inc.) [41] for visual simulation. Experimen- 

al data were also used to validate the accuracy of the simulation 

esults . 

First, the geometric model of the nasal cavity-nasopharynx was 

reliminarily divided into k compartments with equal surface ar- 

as. Three cases of k = 1, 10, and 20 were considered, as shown in

ig. 3 . 
5 
Second, for the models with different partitioning modes, the 

nitial conditions were determined according to T (0), I (0), V L (0), 

nd k . Because the compartments had the same surface area, the 

nitial number of target cells in each compartment was assumed 

o be equal to T k (0), that is, the quotient of T(0) and k . The ini-

ial number of infected cells I k (0) was also 0, whereas the initial 

iral load V (0) was obtained according to the deposition location 
Lk 
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Fig. 6. Continued 
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f the droplets and the amount of virus contained in the droplets. 

n addition, the effect of the number of layers on the fitting results 

as considered according to the properties of the mucus layers, as 

etailed below. 

.2.1. One-layer multi-compartment model 

First, the mucus layer was simplified into one layer and its ra- 

ionality was verified [28] . Here, 15 μm, within a reasonable range, 

as selected as the thickness of the mucus layer. Since the mu- 

us in the URT flows to the pharynx [25] , it was assumed that the

ucus flows from the vestibule to the nasopharynx, with the na- 

opharynx as the exhaust outlet. 

As shown in Fig. 4 , SARS-CoV-2 replicated in the infected cells 

nd was released into the mucus layer, which diffused and con- 

ected the mucus flow. Hence, the original model was updated us- 

ng the following calculation process: 

dT k 
dt 

= −βT k V L,k (7) 

dI k = βT k V L,k − δI k (8) 

dt 

6 
d 

dt 
V L,k = 

p ′ 
V m,k 

I k − cV L,k + 

Q 

V m,k 

(
V L,k −1 − V L,k 

)
(9) 

here T k , I k , and V L,k represent the number of target cells, num- 

er of infected cells, and viral load dynamically changing over time 

n each compartment, respectively. V m ,k, and Q express the mucus 

olume in each compartment and the flow velocity of mucus be- 

ween adjacent compartments, and the latter is estimated by the 

roduct of the outlet area and velocity. 

.2.2. Two-layer multi-compartment model 

A two-layer model of the mucus layer, close to the realistic 

hysiological structure, was also considered, namely, a gel layer of 

 μm and a sol layer of 10 μm. 

As shown in Fig. 5 , the mucus in the sol layer is relatively sta-

ionary owing to the existence and rhythmic oscillations of the 

ilia. On the other hand, the mucus in the gel layer flows because 

he kinetic energy of cilia movement is transferred to the gel layer. 

ased on this, it was assumed that only diffusion motion occurred 

fter the infected cells released the virus into the sol layer, and 
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Fig. 7. Parameter distribution in all cases with individual fits. 

7 
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Fig. 8. Comparison of the effects of the number of layers and compartments on parameter fitting. a) Diffusion cases with individual data, b) Convection-diffusion cases with 

individual data, c) Diffusion cases with average data, d) Convection-diffusion cases with average data. 
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onvection occurred with the mucus flow after diffusion into the 

el layer. Therefore, the original model was further refined and im- 

roved using the following equations: 

dT k 
dt 

= −βT k V L,sol,k (10) 

dI k 
dt 

= βT k V L,sol,k − δI k (11) 

d 

dt 
V L,sol,k = 

p ′ 
V sol,k 

I k − cV L,sol,k −
D v 

�x 

(
V L,sol,k − V L,gel,k 

) A k 

V sol,k 

(12) 
e

8 
d 

dt 
V L,gel,k = −cV L,gel,k + 

D v 

�x 

(
V L,sol,k − V L,gel,k 

) A k 

V gel,k 

+ 

Q 

V gel,k 

(
V L,gel,k −1 − V L,gel,k 

)
(13) 

Similarly, V L,sol,k , V L,gel,k , V sol,k , and V gel,k represent the viral load 

nd mucus volume of the sol and gel layers in each compartment, 

espectively. Then, �x and A k express the distance between the 

enter of the sol and gel layers and the interface area between the 

ol and gel layers in each compartment, respectively. 

.2.3. Considerations for other factors 

In the case of a 20-compartment geometric model, the influ- 

nce of the selection of virus diffusivity in mucus and mucus ve- 
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Fig. 9. Visualization of the viral dynamic in the well-fitted cases. 

Fig. 10. Time series of distribution of a number of target/infected cells in the well- 

fitted cases. 
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ocity on the predicted results of the viral load simulation was fur- 

her discussed. 

In the diffusion cases, three different diffusion coefficients ( D v 1, 

 v 2, and D v 3 ) were considered, based on the estimation meth- 

ds proposed by various researchers. D v 1 (2.91 × 10 −12 m 

2 /s) 

s the diffusion coefficient of the virus in the mucus layer cal- 

ulated by Eqs. (4) and (5) [ 27 , 29 , 42 ]. D v 2 (6.40 × 10 −12 m 

2 /s)

s assumed to be the diffusion coefficient of the virus in water 

alculated by Eq. (5) , similar to that in mucus [43] . Finally, D v 3

5.33 × 10 −16 m 

2 /s) is the diffusion coefficient in the mucus layer 

irectly calculated using Eq. (5) , but replacing μ0 with μ [21] , 

espectively. 

In the convection-diffusion cases, the simulated prediction of 

iral load may be sensitive to the flow velocity of the mucus. 

ccordingly, three different mucus flow velocities were selected, 

1, U2, and U3 with values of 10, 5, and 1 mm/min, respectively. 

he reason for this choice was that the mucus layer of patients 

ould thicken to varying degrees after being infected with COVID- 

9. With the thickening of the mucus layer, it would be increas- 

ngly difficult for the mucociliary movement to drive the gel layer 

o flow [44] . Therefore, lower-than-normal mucus flow velocities 

ere carefully selected for comparative analysis. 
9

. Results 

.1. Effects of the number of layers and compartments 

Twelve cases were considered according to the model with dif- 

erent numbers of layers and compartments, convection, and dif- 

usion. Monolix was used to parameterize 20-day viral load data 

rom the nasopharyngeal swabs of 12 untreated subjects in a previ- 

us study [30] . The diffusion case with one-layer 20-compartment 

1L20C) in Fig. 6 a and the convection-diffusion case with two-layer 

0-compartment (2L20C) in Fig. 6 b are exemplified. 

The red curve represents the population fits of the 12 sub- 

ects using different combinations of parameters in different cases, 

hereas the blue curve represents individual fitting, and each per- 

on has their parameter values, the distribution of which is shown 

n Fig. 7 . 

According to the analysis, the infection rate, β , in the 

onvection-diffusion cases was slightly higher than that in the dif- 

usion cases but was concentrated in the ∼ × 10 −8 order of mag- 

itude, whereas the values were lower in the 1C cases. Moreover, 

he clearance rate of infected cells, δ, was mostly in the range of 

–2 day −1 except in a few cases. However, the distribution of the 

alues of virus clearance, c , and virus production of infected cells, 

’ , which differed greatly in the diffusion and convection-diffusion 

ases, need to be learned separately at this time. In the diffusion 

ases, the average value of c was less than 5 day −1 , and the over-

ll distribution ranged from 0 to 10 day −1 , with slightly large indi- 

idual differences. Nevertheless, the values of p’ were concentrated 

round 4 copies/day/cell, except in the 1C cases with higher values, 

hich were distributed in 10–14 copies/day/cell. In the convection- 

iffusion cases, the distribution of c values spanned four orders of 

agnitude. In the 1C cases, the value was a single digit, whereas in 

ther cases, the values of c could reach more than ∼10 3 day −1 . The

’ values were also high, the results were relatively stable in the 

 L cases, and the distribution was within 100 copies/day/cell. This 

nding might be related to the phenomenon of convection caused 

y mucus flow, which merits further investigation. 

Because the individual fitting was dependent on the physical 

onditions of different subjects, this study incorporated the param- 

ter values derived from the population fitting into the models to 

btain more universal predictions, which were the local viral load 

n the nasopharynx depicted in Fig. 8 . 

As can be seen from Figs. 8 a and b, except for 1C cases, predic-

ion curves fell within the scatter range of the experimental data, 

hich reflected that the 1C models were not reliable and ignored 

etails of mucus flow. Therefore, 1C models could be removed 
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Fig. 11. Visualization of the distribution of the number of a) target cells and b) infected cells in the well-fitted cases. 

Table 1 

Population fitting of parameters corresponding to well-fitting cases. 

Well-fitting cases β (copies/mL/day) δ (day −1 ) c (day −1 ) p’ (copies/day/cell) 

Diffusion Case-1L20C 3.81 × 10 −8 1.78 2.76 4.05 

Convection-Diffusion Case-2L20C 8.10 × 10 −8 1.22 314.00 74.50 
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rom the following studies and not taken into consideration. Ow- 

ng to the scattered data points, it was difficult to judge whether 

he prediction was good or not. Therefore, the average value of the 

uman challenge experiment data was selected in Fig. 8 c and d for 

 clearer comparison. 

Further analysis showed that the predictions of these cases 

ere consistent with the experimental data in the slope of the vi- 

al load increase stage, the peak time (4–6 days after infection), 

nd the order of magnitude of the peak value ( ∼ × 10 8 copies/mL). 

he values of the 2 L cases were slightly higher than those of 

he 1 L cases. Among them, diffusion case-1L20C and convection- 

iffusion case-2L20C performed better; that is, they were closer 

o the experimental data. However, at the peak and decline of vi- 

al load, the diffusion cases began to behave differently from the 

onvection-diffusion cases. For the diffusion cases, the viral load 

ontinued to decline for approximately one week after it reached 

he peak, which gradually deviated from the experimental data, 

lthough the slope of the decline was close to that of the ex- 

erimental data. Nevertheless, the best case was still 1L20C. For 

he convection-diffusion cases, the predicted values were in good 

greement with the experimental data in the initial stage of viral 

oad decline, but the slope gradually changed gently before drop- 

ing below the detection limit, which might be associated with 

ucus consistently maintaining a high velocity. Among them, the 

0C cases showed the best performance. In summary, among the 

ases in this section, 1L20C and 2L20C were well fitted to the 

iffusion and convection-diffusion cases, respectively, as shown in 

ig. 9 . The parameter values obtained by population fitting in the 

orresponding models are summarized in Table 1 . 

As shown in Fig. 9 , when only diffusion was considered, the 

ot spots where virus-laden droplets deposited and released the 
10 
irus were taken as the center for diffusion. In the early stage, the 

iruses concentrated in the vestibule gradually spread to the whole 

asal cavity and nasopharynx, in addition to a small residue in the 

uperior nasal concha (ethmoid) [45] in the late stage. However, 

hen convection and diffusion were considered simultaneously, 

he viruses spread along with mucus flow and gradually flowed to 

he nasopharynx. In the later stage, the viruses mainly remained 

round the nasal concha in the central nasal passage, which might 

e because the complex structure of the nasal bone led to slow 

ow velocity in the middle part, resulting in the accumulation of 

he viral load. 

By further analyzing the time series of the number of healthy 

arget cells and infected cells in Fig. 10 , it was found that when

nly diffusion existed, the infected cells were cleared within a 

onth, whereas the convection-diffusion case did not have a large 

umber of infected cells cleared within a month, as shown in 

ig. 11 a. After the peak viral load, the number of infected cells 

ecreased; however, the slope was small. Notably, as shown in 

ig. 11 b, there was still a high number of infected cells in the front

f the nasal cavity, and the virus continuously released by these 

ells might still have a high risk of infecting the target cells, which 

ould explain why the virus remained near this site. 

Moreover, the model fitting parameter values of the two cases 

n Table 1 , β and δ, were in line with expectations. However, for 

 and p’ , the convection-diffusion case-2L20C was relatively large 

nd was closely related to the mucus flow velocity. Since the viral 

oad was quickly cleared with mucus flow, to better fit the experi- 

ental data, the production rate would increase, as did the rate of 

irus clearance. 

According to these results, it was found that the convection- 

iffusion models were relatively sensitive to the mucus velocity, 
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Fig. 12. Comparison of the effects of the diffusive rate and velocity on parameter fitting. a) Diffusion cases with individual data, b) convection-diffusion cases with individual 

data, c) diffusion cases with average data, and d) convection-diffusion cases with average data. 
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hich was then analyzed and discussed. Thought was also given 

o the question of whether the models of diffusion cases were de- 

endent on the diffusive rate. 

.2. Effects of diffusive transport and mucociliary clearance 

Following the methods mentioned in Section 2.2.3, the influ- 

nces of the diffusive rate and mucus flow velocity on the model 

rediction of diffusion cases and convection-diffusion cases are 

iscussed. 

The estimation of the diffusion coefficient of the virus in mucus 

as a significant influence on the simulation results of diffusion 
h

11 
ases. As shown in Fig. 12 a, the smaller the diffusion coefficient, 

he slower the virus would spread outward from the hot spots, so 

t took longer to reach the peak, and longer peak periods lead to 

ong-term attenuation, which was particularly obvious when the 

iffusion rate was D v 3 . Fig. 12 c more clearly shows the fit between

he attenuation process of each case and the experimental data, 

hich indicates that diffusion case-1LD v 2 was superior. 

Likewise, mucus flow velocity also had a certain degree of influ- 

nce on the predicted viral dynamic results of convection-diffusion 

ases. As shown in Fig. 12 b, the velocity values had an insignifi- 

ant effect on the predicted results before the viral load peaked; 

owever, a specific difference in the decline period began to ap- 
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Table 2 

Population fitting of parameters corresponding to better-fitting cases. 

Better-fitting cases β (copies/mL/day) δ (day −1 ) c (day −1 ) p’ (copies/day/cell) 

Diffusion Case-1LD v 2 4.70 × 10 −8 1.53 3.62 3.44 

Convection-Diffusion Case-2LU3 4.00 × 10 −8 1.38 41.73 21.37 

Fig. 13. Mucus flow field of convection-diffusion cases with outlet velocity in a) 10 mm/min, b) 5 mm/min, and c) 1 mm/min. 

Fig. 14. Visualization of the viral dynamic in the better-fitted cases. 

Fig. 15. Time series of distribution of the number of target/infected cells in the 

better-fitted cases. 
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ear. Fig. 12 d shows that the lower the mucus flow velocity, the 

loser the decline slope of the viral load was to the slope of the 

iffusion condition; that is, the higher the degree of fit with the 

xperimental data. This was related to the aforementioned thick- 

ning of the mucus layer of the patient’s airway, leading to the 

radual failure of the movement of mucus cilia. The final move- 
12 
ent of the viruses in the mucus layer may be mainly diffusion. 

ig. 13 provides a detailed comparison of the flow velocity distri- 

ution in the entire nasal cavity-nasopharynx model under differ- 

nt outlet flow velocities. Although the results of the convection- 

iffusion case-1LU3 were closer to the experimental value in the 

ater stage, they lagged behind 2LU3 when the viral load rose to 

he peak stage, which was highly valued in the early clinical stage. 

In all cases, the viral load prediction results were slightly higher 

n the two-layer model, possibly because it described the nature of 

he real mucus layer and the mechanism by which the virus moved 

ithin it in more detail. According to the above results, the viral 

oad changes in the two cases with better performance within one 

onth are reproduced in Fig. 14 . The corresponding parameters of 

opulation fitting are summarized in Table 2 . 

The viral dynamic images in Fig. 14 are similar to those shown 

n Fig. 9 . For diffusion case-1LD v 2, the higher diffusive rate accel- 

rates the process of the virus spreading through the nasal cavity 

nd nasopharynx and its clearance. The convection-diffusion case- 

LU3 reduced the proportion of convection so that the viruses did 

ot flow away with the mucus quickly, highlighting the effect of 

iffusion. In addition, because of the slow flow of mucus in the 

entral nasal passage, as shown in Fig. 13 c, the viruses might be 

ore likely to remain there, which could also contribute to nasal 

ongestion or olfactory dysfunction, since the olfactory nerve is lo- 

ated nearby [46] . Therefore, it would be better to suggest that de- 

ection may occur at other sites within the nasal cavity because 

urrent analyte detection using swabs is generally performed from 

he pharynx or nasopharynx. 
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Fig. 16. Visualization of the distribution of the number of a) target cells and b) infected cells in the better-fitted cases. 
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Similarly to Fig. 10 , when only diffusion existed, the infected 

ells were cleared within a month, and the increase in the dif- 

usion coefficient shortened the time for the infected cells to be 

leared, as shown in Fig. 15 . For the convection-diffusion case with 

he optimal fitting, although there was still a high number of in- 

ected cells in the nasal cavity, with a decrease in mucus flow ve- 

ocity, the process of clearing infected cells was much faster than 

hat under the condition of high flow velocity. However, Fig. 16 b il- 

ustrates that the residue of these infected cells in the front site of 

he nasal cavity may still pose a high risk of continuous infection. 

Although the parameters fitted by the diffusion cases were 

loser to those of the HCD model in the existing literature, they 

gnored mucus flow. Considering the movement of the virus in the 

ucus layer, the parameters obtained by fitting the improved HCD 

odel due to the addition of the convection-diffusion term made 

he predicted values more consistent with the experimental data, 

nd the higher values of c and p’ could also be reasonably ex- 

lained. Overall, the convection-diffusion case-2LU3 had the best 

tting effect. 

. Discussion 

This paper has further discussed and optimized previous re- 

earch, but there are still limitations that require further analysis 

nd clarification. 

For the initial conditions of the HCD model, the initial number 

f susceptible target cells was determined by the estimated value 

f the epithelial cells with ACE2 and TMPRSS2. Whether other ep- 

thelial cells are invaded by SARS-CoV-2 is not yet known; there- 

ore, the initial value estimation may be low. When selecting the 

nitial viral load, we conducted an integrated analysis of CFPD and 

SP under an airborne transmission scenario in which the infected 

SP coughed once, while the healthy CSP began the respiratory cy- 

le by inhalation. In the everyday human microenvironment, nor- 

al breathing, speaking, coughing, sneezing, different breathing 

atterns, and wearing a mask may have some influence on the 

mount of exhaled/inhaled droplets and the deposited distribution 
13
f droplets in the URT [ 47 , 48 ]. Therefore, several cases are worth

nvestigating. 

For the convection-diffusion case with the best fitting, there is 

till room for improvement because the fit is relatively poor at the 

nd of the viral load dynamics. As mentioned above, a common 

ymptom of patients infected with COVID-19 is the thickening of 

he mucus layer, leading to failure of cilia clearance, thus main- 

aining relative stability [49] . At this time, diffusion may dominate 

ather than convection, which can also explain why the slope of 

he decline in the diffusion cases is almost consistent with the ex- 

erimental data. Thus, mucus flow may slow with the progression 

f the disease rather than remain constant, which merits further 

nvestigation. 

In addition, in the visualization of the best-case fitting, it was 

evealed that although the viral load was minimal in the late na- 

opharynx, which is where nasopharyngeal swabs for the RT-qPCR 

est are usually taken, viruses remained in the anterior part of the 

asal concha. This phenomenon requires further medical verifica- 

ion, which will raise new questions about whether this is still 

eemed contagious, as well as contribute to the explanation of 

ymptoms such as nasal congestion, dysosmia, or olfactory dys- 

unction. 

. Conclusions 

In this study, based on the 3D-shell geometry model, cou- 

led CFPD and HCD analysis with the addition of the convection- 

iffusion term, the corresponding parameters were optimized to 

redict and reproduce the viral dynamics in the mucus layer of 

he human nasal cavity-nasopharynx. 

Under the same initial conditions, this study considered only 

iffusion and convection-diffusion cases, and used the same NLME 

ethod to optimize the parameter fitting of sufficient experimen- 

al data with known virus inoculation or infection time and contin- 

ous viral load detection, and summarized the individual and pop- 

lation parameter distributions. The distribution of infection rate, 

, and clearance rate of infected cells, δ, was relatively stable, at 

× 10 8 copies/mL/day and 1–2/day, respectively. However, the 
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irus clearance rate, c , and production rate, p’ , were significantly 

ifferent and highly correlated with the mucus flow velocity in 

he convective phase. In the cases of diffusion only, although the 

lope of viral load rise and fall was consistent with the experimen- 

al data, its residence time at the peak of viral load was too long 

nd distorted. Generally, it is more consistent with the convection- 

iffusion cases. 

The study also found that the different layered HCD models and 

artitioning modes of the geometric model had a significant im- 

act on the parameter optimization and viral load prediction re- 

ults. In both diffusion cases and convection-diffusion cases, the 

tting effect was better in the cases of 20 compartments because 

t could find the mucus movement. In convection-diffusion cases, 

he two-layer HCD model was more compatible with the proper- 

ies of the mucus layer. Viral dynamics in the mucus layer could 

e described more specifically, which led to a more accurate pre- 

iction. 

Finally, the influences of the diffusion coefficient and mucus 

ow velocity on the HCD model were analyzed. For the diffusion 

ases, although the model corresponding to the diffusion coeffi- 

ient of the virus in water gave a better fitting degree, the original 

iffusion coefficient used in this study was also reasonable because 

t was similar to each other. However, mucus flow velocity had a 

ey influence on the best-fitting model. This study considered that 

wo-layer low-speed convection-diffusion based on experimental 

ata is the best fitting. Meanwhile, in the corresponding visual- 

zation results, the hot spots of the virus remained in the front of 

he nasal concha due to the incomplete clearance of infected cells, 

hich would explain a series of symptoms and sequelae occurring 

n the nose, and would help prevent and target the treatment of 

espiratory diseases such as COVID-19. 
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