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Determining the fate of inhaled aerosols in the respiratory system is essential in assessing the
potential toxicity of inhaled airborne materials, responses to airborne pathogens, or in improving
inhaled drug delivery. The availability of high-resolution clinical lung imaging and advances in
the reconstruction of lung airways from CT images have led to the development of subject-specific
in-silico 3D models of aerosol dosimetry, often referred to as computational fluid-particle-
dynamics (CFPD) models. As CFPD models require extensive computing resources, they are
typically confined to the upper and large airways. These models can be combined with lower-
dimensional models to form multiscale models that predict the transport and deposition of
inhaled aerosols in the entire respiratory tract. Understanding where aerosols deposit is only the
first of potentially several key events necessary to predict an outcome, being a detrimental health
effect or a therapeutic response. To that end, multiscale approaches that combine CFPD with
physiologically-based pharmacokinetics (PBPK) models have been developed to evaluate the
absorption, distribution, metabolism, and excretion (ADME) of toxic or medicinal chemicals in
one or more compartments of the human body. CFPD models can also be combined with host cell
dynamics (HCD) models to assess regional immune system responses. This paper reviews the state
of the art of these different multiscale approaches and discusses the potential role of personalized
or subject-specific modeling in respiratory health.

1. Introduction

Determining the fate of inhaled aerosols in the respiratory system has been the focus of intense research in the last few decades as
such knowledge is essential in assessing the potential toxicity of inhaled airborne materials, responses to airborne pathogens and
viruses, or in improving the delivery of inhaled drugs. There have been a multitude of in silico, in vitro, ex vivo and in vivo approaches
used to address this complex problem. The present literature review focuses on multiscale in silico models of aerosol dosimetry.
Multiscale models use mathematics and computational approaches to quantitatively represent and simulate a system at more than one
scale while functionally linking the mathematical models across these scales. For aerosol dosimetry applications, several types of
multiscale models have been developed. In this review, we first discuss the evolution of predictive models of aerosol deposition and the
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rationale behind the need for multiscale approaches, including subject-specific model advancements as they contribute to the overall
movement towards digital twin technologies. We further included multiscale models that link aerosol deposition to physiologically-
based pharmacokinetic (PBPK) models that improve local or systemic tissue dose predictions and finally, on models linking aerosol
deposition to pharmacodynamic, biological response models such as the Host Cell Dynamics (HCD) models that predict immune re-
sponses post deposition and in particular, those following deposition of viral particles.

2. Multiscale models of aerosol transport and deposition
2.1. Why multiscale modeling?

In silico predictions of aerosol deposition in the respiratory system of humans and laboratory animals require the modeling
practitioner to incorporate, at a minimum, a basic understanding of species-specific anatomy and physiology along with physical/
chemical properties of the aerosol that are critical to predicting the fate and transport over the full system. Historically, aerosol
dosimetry models have fallen into two main categories: semi-empirical or one-dimensional (1D) mechanistic models. As previously
reviewed by Longest (Longest et al., 2019), semi-empirical models were generally based upon fitting empirical measurement data to a
series of parameters used in analytical equations. Such models can provide accurate predictions of particle deposition in airway regions
as long as the aerosol properties and exposures are consistent with empirical data used to define the model.

As an alternative approach to semi-empirical models, 1D mechanistic models of the respiratory system represent aerosol fate and
transport in airways using equations based upon biological properties such as airway size (e.g. length, diameter, etc.), ventilation
profile (e.g. nasal vs. oral, minute volume, frequency, functional residual capacity, total lung capacity, etc.) and physical mechanisms
of aerosol transport (e.g. convective flow, diffusion, particle interactions, hygroscopicity, etc.) and deposition (e.g. sedimentation,
impaction, diffusion) (Darquenne & Paiva, 1994; Taulbee & Yu, 1975). This approach is therefore based more upon first principles
rather than upon fitting of parameters to specific empirical data sets. As such, 1D mechanistic models are useful for predicting aerosol
deposition for a variety of exposure conditions once the biological and aerosol properties are specified.

For decades, ICRP (ICRP, 1994, 2015) or NCRP (NCRP, 1997) models for human exposures to radionuclide particles were
considered state of the art for aerosol dosimetry models. The ICRP is a semi-empirical model while the NCRP model is a hybrid,
semi-empirical (extrathoracic region) and 1D mechanistic model (lung), commensurate with the model structure, assumptions, and
data available (e.g. gamma scintigraphy). To address additional types of environmental aerosol exposures, the multiple path particle
dosimetry (MPPD) model, which includes many aspects of the ICRP and NCRP models, is probably the best known and most widely
utilized example of a hybrid semi-empirical (head region) and 1D mechanistic model (tracheobronchial and pulmonary regions) that
also covers the entire respiratory system using additional sources of anatomic data. Its rise in popularity is largely due to its ease of use
and public availability (https://www.ara.com/mppd/), the incorporation of multiple laboratory animal and human models, the
multitude of aerosol types and exposure conditions that can be simulated, and the inclusion of particle clearance processes such as
those now found in the ICRP (2015) model, to name a few. Because of its broad applicability and multiple species, MPPD is currently
being updated for use by the U.S. EPA to replace its outdated RDDR model (EPA, 2021).

As useful and computationally easy as semi-empirical and 1D mechanistic models are as first approximations of aerosol deposition,
neither approach incorporates realistic 3D airway anatomic features that vary considerably between species and individuals. As a
result, these models cannot predict site-specific deposition patterns of aerosols within each airway region featured in semi-empirical
and 1D mechanistic models. This is especially important for the extrathoracic airway region (nose/mouth through throat) where 3D
anatomy and physiology are highly complex and diverse across species and individuals which together influence local airflows, aerosol
fate and its ability to penetrate into the deep lung. With the advent of high-resolution medical imaging systems and the rapid advances
in computational capabilities over the past few decades, 3D computational fluid dynamics (CFD) approaches are increasingly being
developed and applied to study gas/vapor flow and aerosol deposition at high resolution in respiratory airways of animals and humans
(from the nose or mouth through several generations of the tracheobronchial region). CFD-based models incorporate partial differ-
ential equations that govern mass, momentum, and energy transport across a 3D domain (computational volumetric mesh) along with
well-established governing equations covering mechanisms of material transport and deposition that are solved using increasingly
more efficient matrix solution algorithms.

This mechanistic, spatial modeling approach was initially developed and continues to be refined for use in many physical science
applications, including aerospace, automotive, HVAC (heating, ventilation, air conditioning) systems, heat transfer and thermal
management, and environmental engineering. Biological applications in cardiovascular, ocular, and respiratory research have since
benefited from the infrastructure initially developed by the physical and engineering sciences. For the respiratory system, 3D CFD
modeling applications have undergone their own renaissance over the past 30 years in understanding hazards associated with airborne
chemical or biological exposures as well as the design and development of inhaled pharmaceutical drug delivery systems.

Numerous reviews have been published on the application of semi-empirical, 1D mechanistic, and CFD modeling approaches in
general (Koullapis, Ollson, Kassinos, & Sznitman, 2019; Longest et al., 2019; Longest & Holbrook, 2012; Oakes, 2024; Rostami, 2009).
These reviews, as well as original publications, have clearly shown that the major strength of 3D CFD-based approaches to aerosol
modeling (sometimes referred to as computational fluid-particle-dynamics or CFPD modeling) is their ability to utilize actual measured
breathing profiles and realistic airway geometry, along with aerosol properties in their predictions of local airway transport and
high-resolution, site-specific deposition of aerosols under a variety of exposure conditions in animals and humans. The key weakness of
current CFPD models is associated with the high computational demands that are placed upon simulating aerosol transport and
deposition in 3D geometries that typically extend from the nose or mouth through ~5-10 generations of the bronchial airways of
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animals and humans. Even when accurate 3D airway geometries are available to extend the models to the deep lung, for example by CT
imaging lung casts from rats or cryomicrotome imaging lungs from mice (Bauer, Krueger, Lamm, Glenny, & Beichel, 2020; Beichel,
Glenny, Bauer, Krueger, & Lamm, 2019; Einstein et al., 2008), the computational limitations for this level of 3D complexity have yet to
be overcome and such data have mostly been incorporated into 1D models such as MPPD. For humans, accurate 3D geometry data of
the deep lung and alveolar regions that could be utilized in CFD models are also only available from postmortem samples due to
radiation dose limitations (CT) in live subjects or lower resolution by alternative approaches (e.g. MRI). As with animal models,
extending CFD models to the deep lung, including the alveolar structures, poses considerable computational challenges although
newer approaches are being developed to explicitly address this region (Koullapis, Hofemeier, Sznitman, & Kassinos, 2018; Koullapis,
Stylianou, Sznitman, Olsson, & Kassinos, 2020). This means that the current state of the art for stand-alone CFPD simulations in the
respiratory system has largely been restricted to specific airways, mostly the upper conducting airways along with several generations
of the lung with boundary conditions appropriate for local airflow and material transport for bronchial outlets at the end of the CFPD
domain. This limitation forces us to either assume equal boundary conditions across all airway outlets that ignore the influence of the
regional transmural pressures in the deep lungs that produce heterogeneities in airflow (and particle transport) between lobar regions
and across the whole lung or assume boundary conditions across airway outlets based upon experimental regional pressure or airflow
data if available. Furthermore, current CFPD simulations cannot address the fate of aerosols that leave the bronchial airway outlets
during inhalation, the fraction that deposits in the deeper reaches of the lung, and the remaining fraction capable of returning to the 3D
domain during exhalation for eventual deposition or exhalation. These limitations have been the major driving forces for the advent of
single path, whole-lung, and multiscale models of the respiratory system that are the subject of this review. The goal of such models is
to take advantage of the strengths of CFPD models with the incorporation of realistic airway anatomy for the upper conducting airways
for site-specific deposition with simplifications of 3D anatomy of the deep lung or 1D models for the whole-lung where regional airway
generation or segment is sufficient resolution for dosimetry assessments to fit within current computational capabilities.

2.2. Why subject-specific modeling?

As discussed above, in silico models have played a significant role in gaining a better understanding of the fate of inhaled aerosols in
the human lung and in studying the effect of anatomy, breathing patterns, and aerosol characteristics on the extent and regional
patterns of deposited particles. Thanks to the availability of high-resolution clinical lung imaging and the development of semi-
automated reconstruction of lung airways from MR or CT images, there has been a major focus in the last decade on developing
subject-specific in silico models of aerosol dosimetry. These models offer a unique tool to better mimic the effect of airborne particulate
exposure on an individual basis or to personalize inhaled therapy recommendations. Subject-specific models are important as large
intrasubject variability in aerosol deposition exists, not only in overall deposition but also in terms of regional deposition. The
extrathoracic airways (i.e., nose and mouth) are a major source of variability in aerosol deposition. This is not only the result of a large
intersubject variability in upper airway size and shape but also because of a large intrasubject variability if care is not taken into
standardizing imaging protocol. Indeed, the breathing mode (oral, nasal, oro-nasal), the position of the tongue and mandibles and the
distensibility of the upper airway all affect upper airway volume and shape (Darquenne et al., 2018; Nikander, von Hollen, & Larhrib,
2017; Schwab, Gefter, Hoffman, Gupta, & Pack, 1993). The variability in upper airway deposition has been demonstrated in multiple in
vivo (Bennett & Zeman, 2005; Chan & Lippmann, 1980; Emmett, Aitken, & Hannan, 1982; Foord, Black, & Walsh, 1978; Heyder &
Rudolf, 1975; Hounam, Black, & Walsh, 1970; Lippmann, 1976; Rasmussen, Swift, Hilberg, & Pedersen, 1990; Stahlhofen, Gebhart &
Heyder, 1980, 1981; Stahlhofen, Gebhart, Heyder, & Scheuch, 1983), in vitro (Cheng, Zhou, & Chen, 1999; Garcia, Tewksbury, Wong,
& Kimbell, 2009; Golshahi, Noga, Vehring, & Finlay, 2013; Grgic, Finlay, Burnell, & Heenan, 2004) and in silico studies (Borojeni et al.,
2023; Feng et al., 2018a; G. J. Garcia, Schroeter, et al., 2009; Longest & Holbrook, 2012). While the filtering effect of the upper airway
serves as a protective mechanism to prevent inhaled particulate toxicants from reaching the lungs, it also presents a barrier to the
delivery of inhaled drug particles. For example, Borojeni and colleagues (Borojeni et al., 2023) showed that, for an optimal size
distribution of 1-5 pm for pharmaceutical aerosols, over 75% of the inhaled aerosol was delivered to the intrathoracic lungs in most of
the 11 subjects they studied for resting tidal breathing conditions but only in about half the subjects when inhaled flow was increased
to match that reached when using a dry powder inhaler.

Beyond the extrathoracic airways, there are known differences in lung volumes, airway size, and breathing patterns based on age,
sex, and body size (Christou et al., 2021; Dominelli et al., 2018). These and other factors affecting the distribution of inspired air within
the intrathoracic lungs (such as lung compliance and disease state) also strongly affect aerosol transport and, ultimately, the spatial
distribution of deposited particles. Thus, knowledge of subject-specific ventilation distribution is essential for accurate predictions of
regional deposition patterns. Early models typically assumed that regional ventilation is proportional to regional subtended lung
volume (Asgharian, Hofmann, & Bergman, 2001; Yeh & Schum, 1980). However, even in healthy subjects, non-uniform ventilation
exists between the upper and lower lung lobes, with the lower lobes receiving a larger fraction of inspired air (De Backer et al., 2010;
Yamada et al., 2020), affecting regional deposition (Kuprat et al., 2023). The presence of lung disease and the accompanying het-
erogeneous pathophysiology bring additional heterogeneity in ventilation distribution, further complicating accurate modeling of flow
and aerosol deposition. It is thus not surprising that only a few CFPD studies have focused on lung diseases (Darquenne, Corcoran,
Lavorini, Sorano, & Usmani; Poorbahrami, Mummy, Fain, & Oakes, 2019; Sadafi, Monshi Tousi, De Backer, & De Backer, 2024;
Vinchurkar et al., 2012) and even less, if any, have provided airway-specific deposition information in the small airways (diameter < 2
mm) that are known to be a major site of inflammation and remodeling in diseases such as asthma and COPD. This complexity could be
partially addressed using multiscale strategies that couple 3D CFPD models of the upper airway and large conducting airways with
lower-dimensional models that incorporate distal lung mechanics based on subject-specific clinical tests such as spirometry,
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plethysmography, imaging, etc. Such models could then become an effective tool to explore and understand the connection between
disease, diagnosis, and inhaled therapy outcomes on an individual basis. The degree of subject-specificity should, however, be adapted
to the intended application. For example, risk assessment studies typically focus on population characteristics. In this instance,
population-specific airway models (Kannan et al., 2020) should be considered rather than individual-based models. Alternatively, in
the emerging field of digital twins in medicine, individual-based aerosol dosimetry models could play a major role, allowing for
dynamic simulations of potential inhaled therapy treatment strategy, monitoring and prediction of health trajectory.

2.3. Current models

2.3.1. CFPD modeling
Simulating the transport and deposition of aerosols in the lung using CFPD requires both airflow and particle transport to be
tracked. The airflow model solves the incompressible Navier-Stokes equations:

Veu=0 (1a)
ou
p<5+(uov)u> = —Vp+pAu +pg (1b)

where u is the velocity vector, p and u are the density and dynamic viscosity of the fluid (i.e., air), p is pressure and t is time. These
equations suffice for laminar flow. However, the upper airways can exhibit transitional or turbulent flow at Reynolds numbers ~2000
or above depending upon the geometry and breathing conditions. In this situation, the computational requirements for direct nu-
merical simulation (DNS) of turbulence are exceedingly high due to the small length scale of the turbulent flow. However, a modi-
fication of (Eq. (1)) can be utilized to create an approximation of the true solution when turbulence is present. The Reynolds-averaged
Navier-Stokes (RANS) equations are obtained by positing the flow velocity u in the Navier-Stokes equations is the sum of a slowly
varying component U and a rapidly fluctuating component u'. Inserting u = U + ¢ into (Eq (1)) and then averaging over a short time
scale results in an equation for the slowly varying component U of flow which is identical to (Eq. (1)), with u replaced by U, but which

has an additional term _a_i’fu = _aix, p@ added to the right hand side of (Eq. (1b)). 7; is known as the Reynolds stress and u’iu} rep-
resents the time-averaged value of u;u}. In principle, 7; has six independent components and indeed does exhibit anisotropy near walls.
One approach is thus solving for the components which is done in the Reynolds Stress Model (RSM). However, if it is assumed that the
Reynolds stress arises from an isotropic turbulent viscosity p, then evaluation of the Reynolds stress becomes considerably less
computationally expensive. Popular RANS models making this assumption are the two-equation k-¢ and k- family of models. The
most popular RANS model in use for modeling turbulence in respiratory geometries is the SST k-w model where 7; can be evaluated by
solving two additional equations (Eq. (2)).

dpk)  O(pUk) =~ . i) ok
T+Txifpkfﬁpkw+a—xi (/4+p6kyr)a—xi (2a)
dopw) d(pUiw) 5, 0 ow 1 ok dw

o +Tci7aps — Bpw +a—xi (n +p6wy1)a—xi +2(1 7F1)p6w2;a—)qa—m (2b)

Solution of these additional equations frequently does not require significant extra computational resources compared to laminar
flow computations. Here k is turbulence kinetic energy (equal to half the trace of the Reynolds stress) and w is specific turbulence
dissipation rate. Details of the model with suggested values for the various parameters can be found in (Menter, 1993, 1994; Menter,
Kuntz, & Langtry, 2003). Recommendations for obtaining accurate deposition results using two-equation RANS turbulence models can
be found in (Bass & Worth Longest, 2018).

Alternatively, large eddy simulation (LES) can be employed which involves spatial averaging (rather than time-averaging) of the
Navier-Stokes equations and this can be more accurate than RANS (Salim, Ong, & Cheah, 2011). However, LES requires 100-fold more
computational resources than RANS models (Zhang & Kleinstreuer, 2011) and is thus impractical for most respiratory geometries.

There are several commercial CFD solvers that can be used for the solution of Egs. (1) and (2) for respiratory geometries with Fluent
(ANSYS, 2024b) being the most popular along with Star-CCM+ (Siemens Digital IndustriesSoftware, 2022). For commercial use, these
solvers are relatively expensive, although these software packages are usually available at a discount at educational institutions. The
most common open-source software for solving equations (1) and (2) is OpenFOAM (https://www.openfoam.com/). Although the
software itself is free, the user is somewhat on their own when using the software, although message boards (http://www.cfd-online.
com) exist to answer questions and for-fee consultation is also available. One sticking point with the use of open-source software is that
production of the 3D computational mesh (consisting of general polyhedra, hexahedra, tetrahedra, and triangular prisms) suitable for
laminar or turbulent flow simulation in the complex 3D respiratory domain is usually only of sufficient quality when commercial
meshing products are employed. Thus, it is common to generate a 3D mesh with a commercial solver and then to actually employ an
open-source solver to compute on the mesh.

For spherical particles of size order 1 pm or larger, the aerosol phase is most commonly modeled using the Lagrangian method in
the 3D domain (Eq. (3)).
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du, 3 Cplu—ulp (u—u,) +g(pp -p)
p

dt 4 Ccdpp, Py ®
Here, up, d,, pp are particle velocity, diameter, and density, Cp is drag coefficient, C¢ is Cunningham correction factor, and g is the
gravity acceleration vector. The first term on the right-hand side arises from the force of particle drag, while the second term arises
from the force of gravity, less the effect of buoyancy. Eq. (3) is used for tracking individual computational ‘parcels’ in the 3D domain. A
computational parcel represents potentially a variable number of actual aerosol particles. If absolute particle concentration drops, such
as number of particles injected into 3D domain upon exhalation versus number of particles injected into 3D domain upon inhalation,
parcels may be redefined to represent a lower number of actual particles. This increases the number of parcels injected, so that there is
still a sufficient number of parcels to give good spatial distribution statistics. (Oakes, Shadden, Grandmont, & Vignon-Clementel,
2017). In the literature, it is common to simply refer to computational parcels as ‘particles’.

Typically for micron scale particles, the number density of inhaled particles is low enough that it is acceptable to treat the particles
as not influencing the momentum of the airflow and not colliding with or influencing the trajectory of other particles. In dense aerosols
(particle volume fraction > 107°) the particles must be treated as influencing the flow and, in extremely dense aerosols, particle
interactions with other particles must be considered (Kuerten, 2016). For particles smaller than 1 pm, a Gaussian noise term is added to
the right-hand side of the Lagrangian particle evolution equation (Eq. (3)), representing the effect of Brownian motion (due to thermal
fluctuations) which is significant for smaller particles (Asgharian & Anjilvel, 1994; Longest & Xi, 2007). Additionally, particles from
metered dose inhalers (MDI) and dry powder inhalers (DPI) can possess relatively large ionic charges which then feel an attractive
electrostatic force to nearby lung tissue which acts as a polarized dielectric (Bessler & Sznitman, 2024). Modeling this effect requires
addition of another term to the right-hand side of Eq (3) and simulations have shown significant particle deposition increase, especially
for sub-micron particles (Koullapis, Kassinos, Bivolarova, & Melikov, 2016). Other forces that influence particle motion (i.e., Saffman,
Basset, Pressure Gradient, Faxen, Magnus) have been shown to be small compared to the drag force and can usually be neglected for
spherical particles (Kleinstreuer & Feng, 2013). If particle mass changes due to hygroscopic growth, evaporation, or condensation, Eq.
(3) can be solved, provided there is a relationship known for determining evolution of particle diameter d,. (See for example (Feng,
Kleinstreuer, Castro, & Rostami, 2016; Longest & Hindle, 2011)).

Velocity fluctuations due to turbulence on very small timescales are effectively averaged out by the methodology of the RANS
model of turbulence. However, particles experience the fluctuations and become diffused, similar to the effect of Brownian diffusion.
As suggested by Ahmadi (He & Ahmadi, 1999; Li & Ahmadi, 1992; Mofakham & Ahmadi, 2020; Tian & Ahmadi, 2007), adding a
Gaussian velocity perturbation to u on the right-hand side of Eq. (3) can correctly account for the diffusive effect of very rapid velocity
fluctuations in the Lagrangian simulation of particle motion. However as acknowledged in Fluent documentation (ANSYS, 2024a),
utilization of the ‘turbulent dispersion of particles (stochastic tracking)’ feature in Fluent “is known to give poor prediction of wall
impaction rate of particles with a diameter less than a few microns due to turbulence”. As noted in (Mofakham & Ahmadi, 2020), the
Fluent algorithm as implemented leads to overestimation of particle deposition due to failure to account for the quadratic reduction in
the normal velocity fluctuations in the viscous sublayer adjacent to the wall. Since solely enabling Brownian diffusion more correctly
represents particle diffusion in the viscous sublayer and hence deposition in the case of nanoparticles, it is recommended not to enable
the “stochastic tracking” feature in Fluent but rely upon the Brownian diffusion feature instead. However (Mofakham & Ahmadi, 2020)
utilize UDF (user-defined functions) that can be used in Fluent (and which in principle can be converted for use in other CFPD solvers)
which correctly treat turbulent diffusion in the boundary layer. Since it is shown in (Li & Ahmadi, 1992) that outside the viscous
sublayer, turbulent diffusion dominates Brownian diffusion even for nanoparticles, one would hope that at some point the Fluent code
will treat stochastic tracking properly, as turbulent diffusion has an important effect on particle motion over the whole size range when
turbulent or transitional flow is present.

Alternatively, for nanoparticles of size <100 nm, particles can be represented as a continuum particle concentration field that is
advected and diffused by the airflow and where particle inertia is neglected. This is known as the Eulerian representation of particles
(Longest & Xi, 2007). This Eulerian representation is also commonly used in the computation of toxic or medicinal vapor advection and
diffusion in the lung. An extremely challenging case is typical in e-cigarette vapor respiration. Here, the chemical emissions from the
e-cig device are inhaled as a combination of vapor and particles. In this case, it may be necessary to model the evaporation of chemicals
in the entrained particles into vapor form, as well as the hygroscopic growth of the particles as they proceed down the respiratory tract
(Feng et al., 2016).

2.3.2. Multiscale models

As mentioned above, CFPD models typically focus on the upper and large conducting airways. To allow predictions to be made for
the entire lung, multiscale strategies have been developed that couple these 3D CFPD models with lower-dimensional models that
incorporate the distal lung. Airflow in the lower-dimensional models can be determined in various ways. In a true one-dimensional
airflow model, the Navier-Stokes equations are integrated over airway cross-sections to produce a one-dimensional partial differen-
tial equation (“1D-NS”) (Peir6 & Veneziani, 2009). More commonly, the airways are treated using RLC (resistance-inertance-com-
pliance) models that are 0-dimensional (0D) (i.e., ordinary differential equations (ODEs)) (Ismail, Comerford, & Wall, 2013) and which
are sometimes still referred to as “1-dimensional” models. The most basic model of airflow (for which there is good evidence at least for
healthy subjects) has the airflow in an airway generation being proportional to the volume distal to that generation (Anjilvel &
Asgharian, 1995). For the representation of gases and aerosols in lower-dimensional models, the Eulerian representation must be used
where a continuum field represents gas or particle concentration and is resolved by a one-dimensional partial differential equation
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(PDE), which takes into account advection, diffusion, gravitational sedimentation, and impaction into bifurcations.

The geometry of the lower-dimensional human airway models was originally represented as a regular bifurcating model with ~24
generations starting at the trachea and ending with 223~8.4 million terminal airways (alveolar sacs). The first 16 generations comprise
the conducting airways, while the last 8 generations are the alveolated respiratory airways (Weibel, 1963). The regular bifurcating
model of course deviates from the true human respiratory geometry, as asymmetry exists as the airways proceed into the 5 lobes: not
only the airway bifurcation angles but also the number of bifurcations in a given path from the trachea to an alveolar sac vary
considerably (Haefeli-Bleuer & Weibel, 1988; Horsfield, Dart, Olson, Filley, & Cumming, 1971; Yeh & Schum, 1980). Nevertheless, the
regularly bifurcating model (often referred to as the ‘trumpet model’) has been of great utility for the basic computation of aerosol
deposition estimates. More recently, 1D computational models such as MPPD can utilize CT imaging to truly represent the asymmetry
of the morphometry of the upper airways while retaining the assumption of regular bifurcation of distal airways, which are so small
that imaging cannot resolve them. Rather than using the assumption of regular bifurcation for distal airways, the approach of Tawhai
uses the imageable lobar geometry to generate a hypothetical morphometry of the distal airways (Tawhai et al., 2004; Tawhai, Pullan,
& Hunter, 2000).

Multiscale models of the lung can represent natural breathing driven by time-dependent modification of intrapleural pressure due
to contraction of the diaphragm and chest muscles. Similarly, they can represent artificial ventilation driven by external pressure-
driven flow at the mouth during inhalation and natural exhalation due to unassisted chest wall and diaphragmatic elastic recoil
(Fig. 1A). Alternatively, they can model flows by imposing flows as derived from lung volume changes by comparing multiple CT
images taken during the breathing cycle (Fig. 1B). Multiscale models can employ 3D CFPD models in proximal regions (typically the
URT (upper respiratory tract) and the first 3-5 generations of airways in the lung) with connection to attached lower dimensional
airways, which include the alveolated respiratory airways.

Alternatively, modeling with 3D CFPD in upper airways can be done to derive artificial intelligence/machine learning (AI/ML)
models that can be used to inform and adjust lower-dimensional models that can then be run in much faster time than the models
having a 3D CFPD component (Choi et al., 2019; Zhang et al., 2022). This is a multiscale approach that ultimately uses only
lower-dimensional models in the final product (Fig. 2). Conversely, 3D models can be employed to simulate all scales of the lung
assuming only one or more typical paths to the alveoli. They employ assumed self-similarity of the airways at all intermediate gen-
erations (Fig. 3).

2.3.2.1. Multiscale models driven by natural or mechanically ventilated breathing. When driven by an intrapleural or mouth pressure
waveform (Figs. 1A), 3D/0D interfaces must match the flows and pressures on each side of the interface, i.e., coupling needs to be
achieved between a 3D finite element or volume code and ODEs representing the distal lung (Ismail et al., 2013; Ismail, Gravemeier,
Comerford, & Wall, 2014; Kuprat, Kabilan, Carson, Corley, & Einstein, 2013; Oakes et al., 2014).

Ismail and colleagues achieved such coupling with the stabilized Petrov-Galerkin finite element method (Ismail et al., 2014). At
each time step, iterations were performed to stably establish pressure and flow values that agreed between the 3D domain and the
domain described by ODEs. It was emphasized that when flow was from the 3D domain to the 0D domain, stability would require
agreement between hydrostatic pressure of 3D and 0D domains. When flow was reversed back into the 3D domain from the 0D domain,
stability requires agreement of total momentum flux (i.e., total pressure which includes sum of hydrostatic pressure and dynamic
pressure) between the two domains. In that paper, coupling of a human geometry with 5 outlets (i.e., one per lobe) was stably ach-
ieved. The method developed by Moghadam et al. (Moghadam, Vignon-Clementel, Figliola, & Marsden, 2013) was employed by Oakes
et al. (Oakes et al., 2014) to couple a 3D finite element code and ODEs representing the distal lung. Here, flow was driven by tracheal
pressure in an intubated rat. In (Oakes et al., 2017), the same coupling was used, but the resultant 3D/0D interfacial flow was used to
drive a 1D PDE in each of 5 rat lobes that represented the distal lobar domains with flow and airway cross-sectional area as functions of
continuous axial distance parameter z rather than discrete airway generation index i. Deposition in the 1D domain was also computed
as a function of downstream distance z with deposition functions for inertial impaction and gravitational sedimentation.

Finally, in (Kuprat et al., 2013), analogous coupling was performed between the open source finite volume CFD solver OpenFOAM
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Fig. 1. Subject-specific multiscale models. A: model driven by prescribed time-dependent intrapleural pressure, with continuity of pressure, flow,
and particle flux at 3D/1D interfaces. In case of mechanical ventilation, driving pressure can be specified at the mouth. B: model driven by 3D/1D
interface flows determined by volume differences in CT images taken at different times in the breathing cycle.
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CFPD on Multiple 3D Geometries
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Fig. 2. Patient-Specific 1D model for rapid dosimetry calculation, aided by machine learning which adjusts airway deposition factors based on 3D
features appearing in patient CT scan.

Fig. 3. Fully 3D computation using two typical paths (for left and right lung, A), driven by moving alveoli. Computation is sped up by using self-
similar triple bifurcation unit (B) and terminal double bifurcation unit (C).

and the attached ODEs by equating hydrostatic pressure during inhalation (with flow exiting the 3D domain into the distal 0D domain),
while total pressure was equated during exhalation when the flow was reversed and entered the 3D domain from the OD domain. As
117 distal ODE outlets were attached to the 3D domain (a CT-based human geometry containing oral cavity, larynx, and tracheo-
bronchial tree), a Krylov subspace method was used to avoid expensive computation of the full Jacobian matrix for convergence of
iterations at each time step. It was found that, to achieve a stably converged subiteration at each timestep of the pressure and flow
variables, iteration of interface pressure to equate pressure drop over the connecting segment was necessary, as opposed to simply
iterating interface pressure to equate flow. As shown in the Appendix of (Moghadam et al., 2013) using a similar approach for car-
diovascular applications, iterating over the interface pressure to equate flow is unstable if the connection between 3D and OD starts
with a ‘capacitor’ or ‘inductor’. This is the case when the connecting airway segment is modeled as having compliance or inertance.
With each most distal airway of the 3D domain, the equating of pressure and pressure drop between the 3D domain and the 0D domain
effectively enforced the conservation of flow to a high degree.

2.3.2.2. Multiscale models driven by CT-imaged lung volume changes. Recently, the availability of patient-specific lung images at two
time points, such as the end of a normal exhalation (i.e., functional residual capacity (FRC)) and end of inhalation (FRC + tidal volume
(TV) or total lung capacity (TLC)) allows for determining flows out of each distal outlet of the 3D domain (De Backer et al., 2010;
Kuprat et al., 2023). The experimentally observed flows at the 3D outlets give realistic subject-specific flow data where the individ-
ualized airway subtrees distal to each 3D outlet may have flows that deviate from healthy lungs due to disease.

Kuprat and colleagues (Kuprat et al., 2021, 2023) used CT lung images of a healthy subject obtained at FRC and FRC + TV to
determine flows into 11 distal airways of the subject-specific airway model (Fig. 1B). In silico simulations were set to match experi-
mental conditions of aerosol exposure in the same subject from which the lung model was developed (Darquenne, Lamm, Fine, Corley,
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& Glenny, 2016). In the experimental study, the subject was asked to target a tidal volume of 1000 ml of particle-laden air (1 and 2.9
pm, respectively) at constant inhalation flow rates of 300 (slow breathing) and 750 ml/s (fast breathing). This made for 4 different
simulations using subject-specific tidal volumes and flow rates where the retained fraction of particles could be compared with
experimentally measured values. For these simulations, the lung distal to each outlet of the 3D CFPD model was modeled as a
bi-directionally coupled 1D subtree, for which particle transport and deposition were calculated using the latest version of the MPPD
model (Asgharian et al., 2022). In the 3D domain, flows were specified at the distal outlets. Zero total pressure was specified at the
proximal inlet of the 3D domain. Flows were passed to the distal MPPD subtrees, along with time-dependent particle fluxes exiting the
3D domain. During exhalation, the continuum particle concentration exiting the MPPD subtrees was converted to a corresponding
concentration of Lagrangian particles that were injected and tracked into the 3D portion of the domain. Using this approach, Kuprat
et al. (Kuprat et al., 2023) noted good agreement between in silico predictions and experimental values of retained fractions. They also
showed that while particles inhaled in subregions of the lung (as computed by the 3D CFPD model) were roughly proportional to (CT
image-derived) flows into these sub-regions (Fig. 4A), regional particle retention greatly deviates from regional ventilation (Fig. 4B).

2.3.2.3. Multiscale models utilizing machine learning for faster execution. In (Zhang et al., 2022), the need for coupling 3D CFPD to a
lower-dimensional model is avoided by running a 3D code multiple times on airways that deviate from a cylindrical shape to create
deposition enhancement factors. These factors estimate how deposition in the airway is altered compared to one-dimensional models
that assume a perfect circular cross section. The information gathered is stored using SVR (Support Vector Regression), which is a form
of AI/ML. Then, a CT image of the subject, which shows 3D features of airways, can allow for the generation of a tuned 1D code that
uses the encoded SVR deposition enhancement factors. Additionally, by comparing two images taken at FRC and TLC, subject-specific
flows are inferred from volume changes between the images. Non-imaged distal airways are generated by using the space-filling al-
gorithm of Tawhai (Tawhai, Pullan, & Hunter, 2000) in each lung lobe. A fully one-dimensional model models the whole lung (starting
at trachea) down to the last respiratory generation. The enhancement factors correct deposition in the proximal airways where airway
shapes can be imaged, while localized flows inferred by the difference in the FRC and TLC images drive flow in the last generation of
the 1D flow model of Choi et al. (Choi et al., 2019). Small particle sizes of order ~0.01 pm deposit mainly by diffusion, while larger
particle sizes of order 10 um deposit mainly by sedimentation and impaction. For these particle sizes, the enhancement factor did not
change predicted deposition significantly. However, for intermediate-sized particles of order 0.1-1 pm, enhancement factors deter-
mined by patient-specific imaged lung morphology significantly increased deposition in the proximal airways due to the mechanisms
of enhanced laminar diffusion and sedimentation. Thus, this technique has the potential of ‘front-loading’ the 3D modeling work to
inform a smart, fully 1D model that can be run much faster than a hybrid 3D/1D model. This could be of significant use in clinical
settings where simulations should ideally take as little time as possible to run. The study of (Zhang et al., 2022) was limited to a small
cohort of COPD patients and was validated using CT/SPECT imaging data. It was noted by the authors that further validation of their
technique was needed for predicting deposition in the case of other diseases such as asthma, since structure and function of the lung
differ with different diseases.

2.3.2.4. Fully 3D typical path model using self-similar meshing. In (Kolanjiyil & Kleinstreuer, 2017), the need for coupling of 3D to
lower-dimensional code is avoided by modeling two typical paths (corresponding to left- and right-lungs) using the 3D finite volume
commercial code Ansys CFX for solving the Navier-Stokes equations with SST k — w turbulence model (down to generation 6) and
Lagrangian particle transport. The URT and first 3 generations are modeled with a patient-specific geometry, and then the distal
generations are modeled with bifurcations in a self-similar fashion using identical but increasingly smaller scaled triple bifurcation
units (TBU) (Fig. 3). These two typical paths are extensions of the median diameter outlets at generation 3 of the left- and right-lung.
The last two generations (22-23) of the respiratory system are modeled using a double bifurcation unit (DBU). Spherical alveoli are
attached to respiratory airways. URT and triple bifurcation units are modeled as fixed, while flow is driven by 3D movement of
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Fig. 4. In silico predictions as calculated in (Kuprat et al., 2023) from a subject-specific multiscale model of a 35-year-old healthy adult male. A:
Predicted particle inflow in each subregion relative to CT image-derived inflow. B: Predicted retained particles relative to subregion inflow. LUL: left
upper lobe, LLL: left lower lobe, RUL: right upper lobe, RLL: right lower lobe. Note that, for this subject, there was an incomplete oblique fissure
between the middle and inferior lobe and both lobes were merged in this analysis.
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spherical alveoli and the double bifurcation unit comprising the last generation. The 3D code solved the typical paths with very large
timesteps (dt = 0.05s) due to the optimally meshed TBUs which were self-similarly meshed (Bronchiolar TBUs had 500k elements and
alveolar TBUs had 2 million elements). However, it should be noted that the assumption of symmetrical and self-similar bifurcating
airways deviates from actual human airways, which can be asymmetrical. In addition, the displacement function for the alveolar
geometries had to be predetermined, rather than being driven by an assumed intrapleural pressure waveform. Nevertheless, it seems
that in principle with some assumptions on the compliance of the alveoli, the model could be driven by changes in transmural pressure.
Deposition of particles was modeled by the Lagrangian method and showed reasonable agreement with experiments, with predictions
of overall deposition underestimating experimental data by ~15-20% (relative change). Generalization to 5 paths (i.e., one for each
lobe) is also possible.

Other works employing self-similar 3D geometries include that of (Rahman, Zhao, Islam, Dong, & Saha, 2022), applied to 5 nm-20
nm particles, and that of (Koullapis et al., 2018, 2020), applied to 0.1um to 10um particles. Although the Rahman model ends in the
conducting zone, the Koullapis model continues into a heterogeneous 3D model of a sub-acinar unit based on a Voronoi tessellation of
seed points (Koshiyama & Wada, 2015). The airflow is then driven by isotropic expansion and contraction of the sub-acinar unit as in
(Hofemeier, Koshiyama, Wada, & Sznitman, 2018).

Finally, the stochastic individual path (SIP) model (Longest et al., 2019; Tian, Longest, Su, Walenga, & Hindle, 2011) utilizes
similar 3D meshes, to discretize generations down to the terminal bronchioles (generation 15), but only continues each airway into one
of two daughter branches in each subsequent generation. Each daughter is randomly chosen unless choice of one of the daughters
would cause the path to impinge on the lobar boundary, in which case the choice of the other daughter is forced. It is noted that in
principle multiple stochastic individual paths can be generated within each lung lobe until lobar deposition results are deemed to have
converged. Also, by using a fully 3D simulation, 3D effects potentially important to medical inhalers used in respiratory drug delivery
such as jet momentum and particle evaporation can be dealt with using 3D physics, avoiding assumptions inherent in 1D deposition
models that may not apply for the device/aerosol combination. Modeling of metered dose inhaler and dry powder inhaler aerosols was
conducted using SIP in (Walenga & Longest, 2016). Also, SIP modeling was continued into the respiratory zone in
(Khajeh-Hosseini-Dalasm & Longest, 2015) by representing alveoli using space-filling 14-sided polyhedra that deform isotropically to
ventilate the lung.

3. Multiscale models — PBPK models
3.1. Introduction to PBPK models

Physiologically-based pharmacokinetic modeling seeks to evaluate the absorption, distribution, metabolism, and excretion (ADME)
of toxic or medicinal chemicals in one or more compartments of humans or animals. Compartments can include blood, liver, lungs, gut,
and others as required for modeling the relevant organs affected by the delivered substance. Typically, distribution into a compartment
is rate-limited by blood flow, giving the following expression for time-dependent concentration c(t) in a compartment:
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Here, V is the volume of the compartment, Q(t) is the blood flow into the compartment, cppoq(t) is the concentration of the blood
entering the compartment, P is the tissue:blood partition coefficient of the substance in the compartment, r(t) is loss rate due to
metabolism, and S(t) represents a compartment-specific source (or sink) such as oral ingestion, inhalation, renal elimination, etc. The
partition coefficient is necessary since only a fraction 1/P of the substance is dissolved in the blood of the compartment and is thus able
to be washed out by the blood flow. The loss rate could represent metabolism by zeroth order, first order, and saturable Michaelis-
Menten kinetics:
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PBPK models thus represent a set of compartment ODEs that are connected by blood flows and which have specific sources and
sinks corresponding to the routes of exposure and elimination of substances. For a bolus or chronic exposure to a substance, PBPK
models typically evaluate the maximum concentration (Cpax) and the AUC (“Area under the curve”) for one or more specific com-
partments or blood plasma concentration. For bolus exposure, the MRT (“mean residence time”) is also evaluated. AUC and MRT are
defined by:

AUC= c(t)dt 6)
0
_Jo tec(t)dt
MRT INECL @

Cmax AUC and MRT are considered important quantitative measures of the overall exposure to the drug or toxin and of its
persistence in the body (Kwon, 2001). Thus, evaluation of these quantities can be considered to be important goals of exposure
modeling.
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PBPK models are available for animals as well as humans. Comparing Cy,x and AUC for experimental animal and hypothetical
human exposures (with PBPK models for each species adjusted for differing anatomy and physiology) can create a more reliable
method of predicting the effect on humans of an experimental chemical exposure. See for instance (Corley et al., 2012, 2015) for
predicting the human equivalent dose corresponding to experimental observations of effects in animals for aldehydes (acrolein,
formaldehyde, and acetaldehyde).

In the case of inhaled drugs or toxins, PBPK models have typically considered the lung as a single compartment with no distinction
between URT, conducting airways, and the alveolar region. Clearly exposure in these different areas can have important consequences
on the fate of the substance. For example, substances that deposit in the conducting airways will be largely cleared from the lung via
the mucociliary escalator on a relatively short time scale, while substances depositing in the alveoli can remain in the lung tissue for
much longer or even translocate to the heart. Also tissue cells in the different regions of the lung can have different susceptibility to
toxic effects or may or may not represent the intended targets of drug exposure. More recently GastroPlus™ and SimCyp Simulator™
PBPK models support division of the lung into multiple compartments (Backman et al., 2018). Coupling of CFPD code with PBPK
models can give important spatial-specific exposure information, which can be of use in ultimately evaluating the effectiveness of a
medical exposure. Taking into account the areas of deposition of particles and vapors (i.e., by breaking the lung into several spatially
separate compartments introduces a modeling dependence on patient-specific airway geometry (Fig. 5) (Feng, Zhao, Hayati, Sperry, &
Yi, 2021). Thus, coupled CFPD/PBPK modeling has the potential of giving patient-specific information for optimizing inhaled drug
therapy outcomes.

3.2. Introduction to CFPD-PBPK models

For many materials, understanding where aerosols deposit is only the first of potentially several key events necessary to predict a
dose metric that is relevant to a material’s mode of action (MOA). For poorly soluble aerosols, mucociliary transport or phagocytosis by
macrophages or dendritic cells may be important processes to address to determine cleared vs. retained doses following deposition in
the respiratory system. Clearance models, such as that of the ICRP (ICRP, 2015) which has been applied to CFPD simulations (Corley
et al., 2021) and those incorporated within MPPD (https://www.ara.com/mppd/) are examples of modeling tools available to un-
derstanding retained dose over time following single or multiple exposures for these poorly soluble materials.

For aerosols that may be soluble enough to be absorbed and transported within airway tissues or reach systemic blood circulation
before mucociliary or other clearance processes remove them from the airway surfaces, other types of models have been used in
conjunction with CFD-based simulations to improve predictions of biologically relevant doses for a given MOA. For example, mass-
transfer and tissue reaction kinetics have been incorporated as boundary conditions for nasal airway CFD models of the rat, mon-
key, and/or human to predict local tissue doses of reactive gases or vapors such as methyl methacrylate, formaldehyde, chlorine,
hydrogen fluoride, ozone, sulfur dioxide and xylene (Andersen & Sarangapani, 2001; G. J. Garcia, Schroeter, et al., 2009; Kimbell &
Subramaniam, 2001). CFD simulations of airflows in nasal airways have also been used in hybrid CFD-informed physiologically based
pharmacokinetic (PBPK) models for these and other reactive gases or vapors such as acrolein, acetaldehyde, ethyl acrylate, and
hydrogen sulfide (Andersen & Sarangapani, 2001; Andersen, Sidaros, Gesmara, Rostrup, & Larsson, 2000; Bush, Frederick, Kimbell, &
Ultman, 1998; Corley et al., 2009; Frederick et al., 2001; Schroeter et al., 2008; Schroeter, Kimbell, Bonner, et al., 2006; Sweeney,
Andersen, & Gargas, 2004). As CFD-based models for locally toxic gases and vapors became more widespread, multiscale, fully coupled
CFD/PBPK models have been developed for a variety of locally toxic vapors (Corley et al., 2012, 2015; Morris & Hubbs, 2009;
Schroeter et al., 2013; Schroeter, Kimbell, Andersen, & Dorman, 2006). More recent models are discussed in the section below.

3.3. Current CFPD-PBPK models

Since 2018, there have been several papers using CFPD-PBPK models to investigate two major topics, i.e., (1) the evaluation and
optimization of inhalation therapy and pulmonary healthcare (Dave, Kleinstreuer, & Chari, 2022; Haghnegahdar, Zhao, Kozak,
Williamson, & Feng, 2019; Kannan, Singh, & Przekwas, 2018; Ladumor & Unadkat, 2022; Sperry, Feng, Song, & Shi, 2024; Vulovic,
Sustersic, Cvijic, Tbri¢, & Filipovié¢, 2018; Zhao, Feng, Tian, Taylor, & Arden, 2021), and (2) the exposure risk assessment on airborne
toxicants (Haghnegahdar, Feng, Chen, & Lin, 2018; Kuga & Ito, 2019; Kuga, Ito, Chen, Wang, & Kumagai, 2020; Yoo & Ito, 2018a,
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2018b). Integrating CFPD with PBPK models allows for a more comprehensive understanding of how inhalable particles behave within
the human body, especially in the lungs, and how this relates to pharmacokinetics and toxicokinetics.

3.3.1. Evaluation and optimization of inhalation therapy and pulmonary healthcare

Kannan et al. (Kannan et al., 2018) employed a Quasi-3D Compartmental Multiscale CFPD-PBPK model (Q3D) for inhaled bude-
sonide absorption, transport, and retention in the human lungs. The authors claimed their model represents a substantial step forward
in optimizing target-specific drug delivery and enhancing drug bioavailability in lung disease treatment. It improves over traditional
0D compartmental models and high-fidelity CFD models by enabling the prediction of drug delivery considering different localized
bioavailability factor values, thereby facilitating applications for various patient and lung disease conditions. Their CFPD-PBPK model
preserves 3D lung geometry, which allows for modeling heterogeneous annular lung layers, enabling detailed drug transport across
these layers. However, in the current Q3D model, the accuracy for capturing complicated secondary flows and detailed features could
be improved.

Vulovi¢ et al. (Vulovic et al., 2018) used a combined CFD-PBPK model for predicting the aerosolization, deposition, and absorption
of Amiloride Hydrochloride, a drug used for treating edema related to various conditions, delivered through a dry powder inhaler
(DPI). Their model offers a detailed simulation of how the actuated airflow condition can influence the emitted drug dose from the DPI
and drug plasma concentration. Improvements could be made in (1) integrating the discrete element method (DEM) to model the
particle-particle interactions accurately, and (2) employing a physiologically realistic airway geometry to predict the aerosol transport
dynamics in a more physiologically realistic lung environment. Specifically, the particle size distribution and particle transport dy-
namics will not be accurate without considering the agglomeration and deagglomeration between particles especially in DPI, which
can be effectively modeled using CFD-DEM (Zhao et al., 2022). Additionally, employing physiologically realistic airway geometry
allows for more accurate and personalized predictions of lung dosimetry for inhaled drug particles. With such improvements, the
CFD-PBPK model can serve as a high-fidelity tool to evaluate the performance of DPIs to optimize the drug delivery efficiency for
inhalation therapy.

Zhao et al. (Zhao et al., 2021) and Sperry et al. (Sperry et al., 2024) employed an experimentally calibrated CFPD-PK model to
analyze the transport, deposition, and translocation of inhaled aerosolized medicinal cannabis in multiple 3D human respiratory
system geometries. Their studies focused on how anatomical differences and inhalation techniques affect PK profiles, which is crucial
for assessing pain relief effectiveness and overdose risks. Although their simplified 3-compartment PK model offers insights, it suggests
a potential upgrade to a more detailed PBPK model for better prediction across different tissue groups, which can provide a more
detailed analysis of therapeutic effectiveness or overdose risk. Additionally, the use of bioavailability factors, though experimentally
optimized, highlights a need for more refined modeling of airway-blood interactions, paving the way for a more comprehensive
CFPD-PBPK framework.

Haghnegahdar et al. (Haghnegahdar et al., 2019¢) evaluated the safety of inhaled Xenon and its anesthetic effectiveness using a
CFD-PBPK model with a unique interconnection model, i.e., TRANSIT, to consider the dampening effect of the tidal discharge of the gas
into the systemic region induced by the presence of the epithelial and sub-epithelial layers. Future enhancements to the CFD-PBPK
model and anesthetic effect studies should encompass several key areas: integrating thermodynamics and bio-reactions at airway
tissue sites for improved drug interaction simulations; investigating the variability in drug effectiveness and health risks between
healthy individuals and patients with restrictive or obstructive lung diseases, focusing on xenon and other pulmonary drugs;
employing a whole-lung model for more accurate drug deposition and absorption analysis; and incorporating nasotracheal or tracheal
intubation tubes into the model’s geometry to reflect their use in maintaining an open glottis during anesthesia, which significantly
impacts drug delivery dynamics.

Slightly different from the above-mentioned multiscale modeling effort, Ladumor and Unadkat (Ladumor & Unadkat, 2022) in-
tegrated the ICRP and PBPK model with a unique interconnection model to predict the dose of the orally inhaled (OI) drug delivered to
different tissue groups in the human body. Specifically, the ICRP model was used to predict lung deposition of the OI drug. In contrast,
the unique interconnection model explicitly simulated the transport of drugs in the epithelial lining fluid (ELF), epithelial and sub-
epithelial layers between the airway lumen, and blood.

Finally, Dave et al. (Dave et al., 2022) focused on improving the understanding of the performance of nasally administered drugs. It
uses CFPD-PBPK modeling to simulate the behavior of inhaled corticosteroids. The paper provides a detailed view of drug aero-
solization, deposition, absorption in the nasal mucus layers, and subsequent migration from the nasal cavity to the bloodstream.

3.3.2. Exposure risk assessment on airborne toxicants

CFPD-PBPK models have also been increasingly used in environmental and occupational health studies to assess the risk of
exposure to pollutants and other airborne particles/vapors, mostly focusing on aerosol species emitted from e-cigarettes.

Haghnegahdar et al. (Haghnegahdar et al., 2018) developed a perfusion-limited CFPD-PBPK model and simulated how inhaled
nicotine and acrolein transport and translocation are influenced by puff topography features during e-cigarette exposure and use. This
study employed an idealized mouth-to-generation 3 (G3) airway model. The coagulation, condensation, and evaporation among
particle and vapor phases were not modeled. The interconnection model between the airway lumen and bloodstream should also be
developed for different pulmonary regions to reflect the different diffusion and reaction characteristics in those regions.

Yoo and Ito (Yoo & Ito, 2018a; 2018b) developed a CFD-PBPK model combining a virtual indoor environment and a 3D virtual
human model to simulate the transport and translocation of formaldehyde from indoor environments to the human respiratory system,
and subsequently to the mucus, epithelium, and subepithelium layers. The PBPK model specifically addresses the mucus + epithelium
and subepithelium layers. This innovative approach allows for accurate predictions of exposure levels near the mouth and nose using
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first principle based governing equations of conservation laws of mass, momentum, and energy, as well as the advection-diffusion
species transport equation, based on varying indoor ventilation conditions. However, to enhance the modeling scope, it is essential
to expand the CFPD-PBPK modeling capabilities to predict translocation to multiple tissue groups throughout the human body after
reaching the subepithelium layers, thereby extending its predictive power to all relevant health endpoints.

Utilizing the established CFPD-PBPK modeling framework, Kuga and Ito (Kuga et al., 2020; Kuga & Ito, 2019) expanded their
research to examine the transport and translocation of various e-cigarette aerosol components, including formaldehyde, acetaldehyde,
acrolein, benzene, toluene, glycerol, and nicotine. Their study traced the journey of these substances from indoor spaces to a limited
respiratory tract model (i.e., from mouth and nose to the 4th bifurcation) with subepithelia. A key focus of their investigation was on
the impact of puff topography on exposure levels in the head region, the delivered dose within human respiratory systems, and dermal
exposure levels. This comprehensive approach provided deeper insights into the influence of inhalation patterns on the predicted
distribution and impact of e-cigarette aerosols on human health.

In summary, continuous research has been made on developing advanced integrated CFPD-PBPK models, due to several advantages
over single PBPK models. First, integrated CFPD-PBPK models provide a more holistic analysis of aerosol transport, deposition, and
translocation in the physiologically realistic respiratory system environment and the whole body. This is vital for assessing therapeutic
or toxicokinetic effects more precisely. Second, the CFPD-PBPK models can offer more accurate predictions for specific subjects or
disease conditions, including variations due to extrinsic and intrinsic factors in lung environments and pulmonary airflow dynamics
variations. Therefore, physiologically realistic CFPD-PBPK modeling efforts and applications can simulate clinical outcomes in studies
where enrollment is challenging or where there are ethical considerations, thereby potentially reducing the need for human subjects.
Thus, there is a growing trend towards using these CFPD-PBPK models for personalized medicine. By considering individual physi-
ological differences, models can predict how specific patients might respond to inhaled drugs. However, the challenge lies in how to
model the interconnection layer between airway lumen and blood in a physiologically realistic and accurate way.

3.4. Subject-specific modeling considerations

3.4.1. Importance of personalized or subject-specific modeling in respiratory health

One of the potential benefits of employing a CFPD-PBPK model instead of a PBPK-only model is the capability of capturing the
subject-specific variabilities in pulmonary air-particle flow dynamics, i.e., anatomical features of pulmonary airway topology,
breathing patterns, etc., which will lead to variabilities in lung dosimetry of inhaled aerosols, together with the individualized ab-
sorption, distribution, metabolism, and excretion (ADME). Specifically, to achieve uncertainty quantification and make the compu-
tational model more statistically representative, variability factors must be considered in simulations. The initial variability factors
prior to ADME variabilities are the variations in human anatomy and physiology, which play a critical role in the deposition and
distribution of inhaled aerosols, directly influencing the resultant PKs in systemic regions. Subject-specific modeling enabled by CFPD
facilitates the capture of these variances, particularly in the topology of pulmonary airways and the diversity of breathing patterns
among individuals. This capability is crucial for accurately predicting lung dosimetry of inhaled aerosols (Feng et al., 2018a), which is
important in the assessment of exposure safety. By incorporating subject-specific variabilities, CFPD-PBPK models enhance our un-
derstanding of how inhalable aerosols interact within the respiratory system, enabling personalized occupational risk assessment and
prevention.

3.4.2. Techniques for tailoring models to individual physiological differences
To achieve subject-specific modeling using CFPD-PBPK to capture the individual physiological differences, there are three standard
categories, as follows.

3.4.2.1. Category 1: construct subject-specific body surfaces and airway geometries for CFPD simulations. Current advancements in im-
aging technology and computational capabilities have paved the way for the development of realistic, subject-specific models of the
human body external surface (https://humanshape.org/) (Chen & Zhao, 2010; Gupta, Lin, & Chen, 2011; He, Niu, Gao, Zhu, & Wu,
2011; Li, Shang, Yan, Yang, & Tu, 2018; Yang, Kang, Hwang, & Park, 2017; Zhang & Li, 2012; Zhao, Feng, Bezerra, Wang, & Sperry,
2019; Zhu, Kato, & Yang, 2006) and respiratory system (i.e., virtual human models). These models are essential for conducting detailed
studies on airflow and the transportation and deposition of inhaled aerosols within the respiratory tract. This marks a significant shift
from the earlier reliance on idealized airway geometries to employing detailed models that accurately reflect individual anatomical
variations. The process of constructing subject-specific virtual human models requires the use of high-resolution 3D medical images
from which the detailed anatomy of the respiratory system is isolated through a process known as segmentation. This involves
identifying and outlining the body shape and airways, separating the lung lobes, and refining the model to ensure it represents a
coherent, singular anatomical structure. The refined model is then converted into Stereolithography (STL) format, compatible with the
mesh generation tools used in computational simulations.

Such construction benefits from various image processing software, including Amira, Simpleware ScanIP, and Materialise Mimics.
Moreover, repositories of CT and MRI scans (Clark et al., 2013; COPDgene, 2019; NBIA, 2019) offer a wealth of data that can be utilized
to incorporate variability in airway structure between different subjects into these models. However, it is also worth noting that
reconstructing subject-specific airway geometries needs to be done cautiously to guarantee accuracy, which can be significantly
influenced by the medical imaging process and its associated radiation doses.
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3.4.2.2. Category 2: integrate subject-specific exposure and breathing conditions into CFPD simulations. Other than the variabilities in the
anatomical features of the human body, such as shape and respiratory system, subject-specific exposure conditions, breathing con-
ditions, and other lung properties can also significantly induce variability in inhaled aerosol transport and deposition. These factors
can include.

(1) Exposure levels (i.e., aerosol concentration) around the head region or mouth/nose openings for certain individualized
exposure conditions, aerodynamic particle size distributions (APSDs), particle shape, particle surface properties,

(2) Breathing conditions including breathing waveforms with key features such as average inhalation flow rate, inhalation dura-
tion, breath holding duration, exhalation duration, and

(3) Lung mechanical properties such as lung compliance.

These factors can be employed as subject-specific initial conditions, boundary conditions, and material properties in fluid-structure
interaction (FSI) to enable subject-specific CFPD simulations.

3.4.2.3. Category 3: model subject-specific ADME in PBPK simulations. The modeling of subject-specific ADME processes within PBPK
simulations should integrate individual physiological and biochemical parameters, which can be obtained from benchmark clinical
studies or animal studies. PBPK models can predict how individuals with distinct genetic backgrounds, health conditions, or age groups
metabolize and respond to various substances. This individualized approach allows for the simulation of chemical concentration-time
profiles and the personalized assessment of exposure risk. However, advancements in integrating such detailed individual data into
PBPK models require addressing current data limitations, such as the availability of comprehensive population-specific protein
expression data and a detailed understanding of lung-specific drug metabolism (Enlo-Scott, Backstrom, Mudway, & Forbes, 2021;
Oesch, Fabian, & Landsiedel, 2019). Methodological complexities, including the development of robust techniques for integrating
diverse biological data and modeling the dynamic interactions within the lung microenvironment, also need to be overcome to achieve
accurate and reliable predictions in personalized PBPK modeling.

3.4.3. Impact of subject-specific modeling on predictive accuracy and clinical relevance

Adopting subject-specific CFPD-PBPK models in respiratory health research will provide more accurate predictions for occupa-
tional exposure risk assessment with uncertainty quantifications on the variabilities between individuals in airway physiology,
exposure and breathing conditions, and ADME processes. Specifically, the subject-specific modeling strategy provides the potential for
generating more precise predictions of aerosol transport, deposition, and translocation within the lungs and in systemic regions. Such
enhanced predictive accuracy will have significant clinical relevance, as it enables personalized risk assessment and the customization
of preventive care or therapies to meet the specific needs of each subject. In conclusion, subject-specific modeling, particularly through
CFPD-PBPK models, significantly advances occupational exposure risk assessment and pulmonary healthcare. By enabling the detailed
analysis of individual variances in pulmonary air-particle flow dynamics and PK predictions, the continued development and
refinement of these models will have significant impacts.

3.5. Challenges and prospects in enhancing current CFPD-PBPK models

CFPD-PBPK modeling faces challenges that are being overcome for practical use in predicting or explaining the effects of drugs or
toxicants.

CFPD. 1deal deposition of spherical particles in typical geometries of neonatal, children, and adults of both sexes has been widely
performed. However, this is a first step. Particles can be non-spherical, leading to enhanced deposition and enhanced negative effects
in the case of toxic particles (Kleinstreuer & Feng, 2013). Correct modeling of deposition depends on categorizing the density, shape,
and possible cloud behavior of these particles. Modeling of clearance by the mucociliary elevator can be uncertain due to the possibility
of impairment of the lung cilia by the inhaled substance (Palazzolo et al., 2017). Research is ongoing on the effect of airway diseases
such as asthma and COPD on the initial distribution and clearance of inhaled particles.

Interconnection between CFPD and PBPK. In general, the cost of CFPD modeling greatly exceeds that of PBPK modeling as it is a 3D
computation compared to a system of ODEs. The interconnection is relatively inexpensive and convenient as the relatively expensive
results from CFPD modeling are then distributed into a small number of lung PBPK compartments as source and sink terms in the PBPK
ODE model. Thus, CFPD/PBPK modeling can, in general, be expected to be little more expensive than stand-alone CFPD modeling.

PBPK. Setting or updating the large number of parameters in PBPK models can be difficult. An expensive option is initiating a new
clinical trial with the specific drug and target population by fitting the parameters of the PBPK system to the observed results. It should
be noted that pharmacodynamic (PD) models that describe the effect of medications on the body once they are delivered to the tissues
as predicted by PBPK models would have to be updated as well. Indeed, in certain cases, blinded clinical trials are not possible due to
ethical considerations. However, there is an increasing base of ‘system’ parameters that are generally known, such as rates of blood
flow into different organs and how they depend on age and gender. Non-proprietary information is shared in the literature, leading to
standard models of how different drug classes are perfused or diffused between various compartments of the body. Missing information
can be obtained from in vitro-in vivo extrapolation (IVIVE) and testing and optimizing missing PBPK parameters by accessing and even
reanalyzing existing clinical trials on related drugs that have similar mechanisms of action (Rostami-Hodjegan, 2018).

A new development for accumulating patient specific data involves the construction of a ‘digital twin’ for a patient representing a
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PBPK/PD model customized to a priori knowledge of the individual via genetic testing and patient health data, and then augmented
during the course of treatment by recorded responses to therapy during regular patient visits (Fischer, Volpert, Antonino, & Ahrens,
2023). Additionally, as it is estimated that 30% of adults in the US are using smart devices or ‘wearables’ capable of tracking health
data such as nighttime respiration rate, these can increasingly become sources of real-time data for modifying the PBPK/PD model that
describes the patient’s digital twin, potentially using AI/ML methods. This in turn can lead to timely adjustments in the patient’s
treatment regimen. However, benefits of access to wearables data must be balanced with control of privacy risks inherent in large scale
data collection (Sivakumar, Mone, & Abdumukhtor, 2024).

4. Multiscale modeling of inhaled aerosol transport, deposition, and host-pathogen interactions for predicting health
outcomes

Predicting inhaled aerosol transport and deposition via CFPD models is a pivotal aspect of computational aerosol science.
Nevertheless, the journey of inhaled chemicals and viruses within the human body extends beyond deposition. Post-deposition, these
agents may translocate into the bloodstream, replicate, initiate infections, and elicit immune responses. The extent and impact of these
processes are crucial to quantify, rendering the employment of multiscale models imperative to predict health outcomes accurately.

4.1. Significance of multiscale modeling approaches

Modeling the inhalation, deposition, replication, and subsequent immune responses to viruses is a critical challenge. Understanding
host cell dynamics (HCD) is essential for advancing therapeutic and preventative measures against viral diseases. Studying the
mechanisms of viral infections and the responses of hosts not only helps identify potential therapeutic targets but also deepens our
understanding of how the immune system can be leveraged to prevent viral invasions. This knowledge is particularly pertinent in
preparing for future pandemics, as understanding the transport, deposition, and immune responses to inhaled pathogens can inform
transmission-blocking interventions aimed at pandemic control.

Research methodologies capable of explicitly visualizing and quantifying the interaction between airborne transmission of path-
ogens like influenza and SARS-CoV-2, pulmonary transport, viral replication, and immune responses, as indicated by variable cell
counts over time, remain underdeveloped. Conventional in vitro and in vivo studies are constrained by operational flexibility and
imaging resolution, limiting their ability to address these complex interactions. To bridge this knowledge gap, researchers have been
developing multiscale models that integrate CFPD with HCD models (Haghnegahdar et al., 2019b; Hayati et al., 2023a; Li, Kuga, & Ito,
2022, 2023; Li, Kuga, Khoa, & Ito, 2021). The shared workflow for coupling CFPD with HCD is exemplified in Fig. 6, showcasing
studies on SARS-CoV-2. Specifically, this modeling framework seeks to simulate and predict.

(1) The emission of exhalation clouds carrying virus-laden droplets,

(2) The rapid evolution of these droplets under varying environmental conditions, such as moisture and temperature,
(3) The inhalation, transport, and deposition within respiratory systems, and

(4) The ensuing host cell dynamics post-deposition in the lungs.

These multiscale models significantly advance the predictive understanding of aerosolized pathogens’ behavior and interaction

with the human respiratory system. However, further refinements and validations are needed to enhance their predictive power for
health outcome endpoints.

SARS-CoV-2 Emission Step 1: Airborne Transmission Simulation ~ Step 2: Lung Deposition Simulation ~ Step 3: Immune System Response Simulations
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Fig. 6. Schematic representation of the integrated CFPD-HCD modeling approach using SARS-CoV-2 as a case study.

7.89E-05

14



A.P. Kuprat et al. Journal of Aerosol Science 183 (2025) 106471

4.2. Existing multiscale CFPD-HCD modeling efforts

Haghnegahdar et al. (Haghnegahdar et al., 2019b) developed a dual-layered CFPD-HCD model to elucidate the transport and fate of
inhaled Influenza A Virus (IAV)-laden droplets, as well as the consequent immune responses up to 12 days post-infection. The CFPD
model (see Section 2.3.1) simulates the transport and deposition of inhaled virus-laden aerosols. Predicted spatial deposition patterns
are then used as inputs to the HCD model to determine the regional host dynamic responses. The HCD model consists of a complex
system of ODEs that predicts the cell counts or titers of epithelial cells in various states (i.e., uninfected, refectory state, infected), and
titers of viruses, mature dendritic cells, helper T cells, cytotoxic T cells, activated B cells, antiviral antibodies, and interferon. The
model interlinks simulations at the airway mucosa interface, capturing the initiation of viral replication upon deposition of inhaled
particles on epithelial surfaces. Once the virus deposits on the mucosa lining, it binds to the surface of targeted epithelial cells. The
deposited aerosol dose is converted to initial viral titer (Vi;) as the initial condition for the HCD model. The endocytosis of the virions
inside the epithelial cell usually occurs in 1 h after the infection (i.e., post-infection). Subsequently, the innate (IIS) and adaptive
immune systems (AIS) are activated. The IIS response consists of released interferons (IFN)-I from the invaded cells and Natural Killers
(NK) cells. The AIS response includes a humoral response (antibody-mediated) and cytotoxic lymphocyte agents (Cytotoxic and Helper
T cells, B cells) with the activation dependency on Dendritic cells and virus population. Details of the ODEs can be found in
(Haghnegahdar et al., 2019b). The authors used these equations to simulate IAV infection dynamics, encompassing viral accumulation
and immune reactions in the supraglottic region under varying conditions of oral and nasal inhalation, differentiated by three NaCl
concentrations within the IAV-laden droplets. Findings indicate that droplets with elevated NaCl concentrations precipitate increased
viral deposition and accelerate immune responses in the supraglottic area. This could exacerbate symptom severity and prolong the
recovery period, notably affecting the pharyngeal region.

Lietal. (Li et al., 2022) numerically studied the dynamics of SARS-CoV-2 infection in the mucus layer of the human upper airway.
The study combines CFPD and HCD models to simulate the behavior of the virus in the respiratory tract. They use a 3D-shell model to
represent the upper respiratory tract with a mucus layer and investigate factors such as diffusion, convection, and the infection rate (f).
The findings of this study affirm that the distribution of SARS-CoV-2 in the upper respiratory tract can indeed be affected by factors like
diffusion, convection (mucus flow), and the infection rate (p). Notably, the research highlights the pivotal role played by the infection
rate § in determining both the time to reach the peak viral load and its duration in the upper respiratory tract. Different values of § were
observed to have a profound impact on both the peak viral load and the timing of its occurrence. Furthermore, the numerical ex-
periments underscore the importance of incorporating variables like mucus flow and infection rate when modeling the dynamics of
SARS-CoV-2 infection in this context.

Hayati et al. (Hamideh Hayati, Feng, Chen, Kolewe, & Fromen, 2023a) refined the CFPD-HCD model (Haghnegahdar et al., 2019b)
to predict SARS-CoV-2 vaccine droplet deposition, transport, and the triggered immune system responses through nasal delivery in a
6-year-old child respiratory system model. The refined HCD model can track an expanded list of 55 cell types, including adaptive
immune cells and antibodies, with its accuracy bolstered by clinical data and experimental benchmarks. The study investigated the
dynamics of intranasal vaccine droplets targeting the ACE2-receptor-rich olfactory region, aiming to strengthen COVID-19 prevention.
The CFPD-HCD model evaluates different nasal spray characteristics, such as cone angles, initial velocities, and droplet compositions,
and how they affect vaccine efficacy. The findings reveal that while the initial velocity and droplet composition have minimal impact,
the spray cone angle significantly alters vaccine delivery efficiency. The HCD simulation results indicated that the variation in
administration strategies did not substantially affect the triggered immune response, a phenomenon attributed to the vaccine droplets’
limited coverage of the olfactory region. Consequently, the research emphasizes the necessity of refining the intranasal vaccine
formulation and its delivery method to ensure that the vaccine droplets extensively contact the epithelial cells in the olfactory region.

Li et al. (Li, Kuga, & Ito, 2023) studied the dynamics of SARS-CoV-2 within the mucus layer of the human upper airway using a
coupled CFPD-HCD model. This approach aims to replicate the impact of mucociliary movement on the transport of viruses within the
mucus layer. A 3D-shell model of the upper respiratory tract was constructed from CT data and incorporated the mucus environment
by coupling a target cell-limited model with a convection-diffusion term. The novel contributions of this study include a focus on the
parameter optimization of the viral dynamics model, dividing the geometric model into multiple compartments, and employing
Monolix® (Simulation Plus Inc.) for nonlinear mixed effects (NLME) to assess the influence of various factors like the number of mucus
layers.

4.3. Advantages of CFPD-HCD model over traditional HCD simulations

In the context of HCD simulations, integrating CFPD introduces several enhancements. The combined CFPD-HCD model can
generate subject-specific and inhalation-profile-specific data on the deposition of inhaled viruses. This leads to more precise initial
conditions for subsequent HCD simulations, improving the accuracy of predictions related to cell count changes. This is an
improvement over traditional HCD models, which rely on empirical parameters and may not fully capture the detailed viral distri-
bution and dynamics within the respiratory tract. Additionally, the CFPD-HCD model addresses some limitations associated with
collecting data from human subjects, particularly in influenza A virus (IAV) studies. The model provides predicted detailed data on
virus deposition and replication within the respiratory tract, based on fundamental principles while avoiding the invasiveness of
traditional data collection methods.
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4.4. Model calibration, validation, and data requirements

The complexity of the ordinary differential equation systems employed in the HCD model introduces numerous unknown co-
efficients/parameters that require precise calibration using experimental data. It is worth noting that many coefficients/parameters in
the HCD model are not theoretically calculable or exhibit significant variations in values. The prevailing strategy for calibrating and
validating the HCD model involves comparing viral load or cell count time profiles with data from animal or clinical studies. Therefore,
multivariable optimization is typically necessary to find the optimal parameter values for the HCD model. Three steps should be
followed for multivariable optimization, as listed below.

— Step 1: Determine biologically reasonable ranges of parameter values from open literature sources (A. Haghnegahdar et al., 2019b;
Hayati et al., 2023a).

— Step 2: Utilize a portion of the benchmark experimental data to holistically calibrate the coefficients and parameters using available
multivariable optimization techniques, such as controlled elitist genetic algorithms (H. Hayati et al., 2023a).

— Step 3: Employ the remaining benchmark experimental data to validate the HCD model predictions regarding the time profiles of
cell count/titer with the coefficient/parameter values optimized in Step 2.

Steps 2 and 3 can be iteratively performed to achieve the best calibration of the coefficient/parameter values. It is essential to
emphasize the need for additional clinical data to validate and further improve the models, alongside the importance of employing
multivariable optimization methodologies to determine parameter values, as these factors significantly impact the accuracy of HCD
modeling.

5. Conclusions

The practical goal of airway deposition modeling of medicinal or toxic environmental particles is to effectively and accurately
participate in a process that safeguards or improves public health. Traditionally, this process has involved using empirical models of
particle inhalation by healthy subjects and then passing the results of empirical formulae to pharmacodynamic or toxicodynamic
empirical models to arrive at predictions of the effectiveness of drugs or the danger posed by toxic particles or vapors. Now with the
advent of larger computing power and the availability of non-proprietary databases that provide PBPK/PD models of the fate of
particles, it is possible to make more precise, subject-specific predictions. The predictive power and hence usefulness of the whole
process depends on (1) the accuracy of the aerosol inhalation modeling, (2) the speed at which accurate modeling can be done, and (3)
the accuracy of the pharmacodynamic models that use the data provided by the inhalation modeling. In all three cases, it is anticipated
that AI/ML will provide the necessary improvements to make subject-specific prediction useful and widely available. Firstly, Al/ML
can be used to learn how subject-specific geometries imaged via CT scan can affect particle deposition, given repeated training by
multi-scale 3D/1D models. Second, although the training process for Al is expensive, the trained Al network can then effectively give
the best estimate for the deposition of particles in virtually zero time. Thirdly, the increasing amount of data for pharmacodynamic
models will allow the necessary training of Al models. With increasing computing power devoted to Al worldwide, the incorporation of
new emerging data into existing AI models can be done on a moderate timescale of days or weeks. Thus, it will become feasible to
devise ‘digital twins’ for individual patients that best model pharmaceutical interventions and can evolve in parallel with the patient as
the models are updated with real-time or regular testing information obtained as the individual responds to treatment. We anticipate
the net result of this will be improved predictions and hence improved patient outcomes.
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