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computationally intensive, highlighting the need for surrogate models for real-time deposition prediction. This
study comprehensively explores the multi-task predictive capability of regression models, including Linear
regression (LR), Bayesian regression (BR), Back Propagation Neural Network (BPNN), Support Vector Machine
(SVM), Random Forest (RF), XGBoost, and CatBoost, for predicting total and regional deposition rates of inhaled
particles in airway. A training dataset is obtained from well-validated CFD simulations with realistic human
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airway model using Euler-Lagrangian method. The results indicate that LR, BR, and SVM yield unsatisfactory
predictive accuracy, with average R? values in range of 0.21 to 0.73. Comparatively, BPNN and decisiontree-
based models show great potential in predicting total deposition rate in the upper and central airway. Howev-
er, for regional deposition rate prediction, BPNN did not consistently yield high accuracy, particularly for oral
deposition (R? = 0.538). Comparatively, XGBoost emerges as optimal model, achieving an R? approximately
close to 1 on both the training and testing datasets, with predictive errors within the range of +0.5. The overall
results demonstrate that decision-tree-based models, particularly XGBoost, have superior performance in accu-
rately predicting both total and regional deposition rates of inhaled particles within airway. Despite limitations
like geometry complexity and data quantity, the workflow developed in this study is expected to pave the way for
future research integrating ML models into drug delivery device design and evaluation.

1. Introduction

The growing environmental pollution driven by urbanization has
become a global concern. In 2019, the World Health Organization
(WHO) reported over 7 million deaths attributed to pollution [1]. The
respiratory system, the only internal organ directly exposed to the
external environment, is particularly vulnerable to pollutants through
breathing [2]. The rise in pollution has led to an increase in respiratory
diseases, including chronic obstructive pulmonary disease (COPD),
asthma, and occupational lung diseases. COPD, in particular, ranks as
the fourth leading cause of death in the United States, causing significant
respiratory challenges due to airway rigidity, reduced elasticity, and
inflammation-induced obstruction [3]. Conventional COPD treatment
predominantly depends on the inhalation of therapeutic nano- and
micro-particles; however, attaining the intended therapeutic results is
problematic, as merely 25 % of medication particles successfully pene-
trate the deep lung areas [4]. Understanding the features of pulmonary
air-particle movement is crucial for overcoming this barrier and
enhancing drug delivery efficiency for the best treatment effects. This
understanding is crucial for prompt diagnosis, efficient treatment, and
the optimization of inhalation therapy.

Examining airflow and particle dynamics is crucial for optimizing
inhalation drug delivery [5-7]. Nonetheless, achieving enhanced de-
livery efficiency continues to pose challenges. The complex structure of
the lower airways, comprising bronchioles and alveoli, forms small,
extensively branched passages that are challenging to access and visu-
alize in real-time [8]. Moreover, traditional imaging modalities, such as
CT and MR, frequently lack the requisite resolution to accurately depict
intricate particle dynamics within these diminutive airspaces without
generating noise or artefacts [9]. The fluid dynamics of airflow, influ-
enced by ongoing inhalation and expiration cycles, hinder the tracking
of particles due to the constant alteration of flow patterns within the
deeper lung. Furthermore, particles interact with lung tissue and airway
walls through mechanisms such as diffusion, sedimentation, and inertial
impaction. However, conducting in vivo studies is subject to ethical
constraints, while in vitro and in silico models, like mock lung replicas,
face inherent limitations in fully replicating the complexity of real
airway environments [10]. These problems underscore the increasing
demand for alternate approaches [11]. Consequently, numerical simu-
lations have gained widespread popularity. For instance, Van de
Moortele, et al. [4] numerically visualized and investigated the airway
morphology and inspiratory flow features of COPD patients. Tiwari,
etal. [12] used the CFD method to analyze the drug settling efficiency in
different regions of the human respiratory tract for different drug par-
ticle sizes, under the condition of unsteady breathing pattern. Si, et al.
[13] systematically investigated the effect of design parameters (e.g.,
vanes) on metered-dose inhaler drug delivery efficiency using large-
eddy simulations. These studies demonstrate the robust capability of
CFD methods to provide intuitive, parameter-driven insights into par-
ticle dynamics and drug delivery efficiency within the respiratory tract.
A whole-lung model is essential for accurately predicting drug deposi-
tion and toxicity, however most models are limited to upper airway
generations due to geometric complexity [14]. Reconstructing deeper
lung generations is necessary to capture the complete airflow dynamics

and particle distribution, ensuring improved drug delivery efficiency
and more reliable predictions for therapeutic outcomes.

Conventional CFD models provide a comprehensive understanding
of particle movement and deposition throughout the respiratory system
[15-17]. Nonetheless, recent studies have highlighted that the signifi-
cant variability observed in the tracheobronchial (TB) region leads to
substantial differences in lung function and regional aerosol deposition,
even after adjustments for age, sex, and body size [11]. This suggests
that case-specific CFD simulations are necessary for each patient to
obtain accurate outcomes. Individualized models reveal unique airflow
patterns that significantly affect particle transport and deposition,
complicating conventional predictions and limiting generalizability.
Consequently, a standardized sprayer design may not consistently ach-
ieve the desired delivery efficiency across different patients. On the
other hand, performing CFD simulations for each patient to optimize
their patient-specific treatments requires substantial computational re-
sources [18]. Therefore, creating rapid prediction models would
significantly aid in the preliminary examination of drug deposition
patterns, offering a valuable resource for inhaler design or drug delivery
strategy optimisation. Given these challenges, integrating CFD with
machine learning (ML) methods presents a promising solution, although
ML has seen limited application in predicting particle deposition. This
limited use originates from the lack of large, high-quality datasets
necessary to effectively train these models [11]. The lung’s complex,
multi-regional structure - spanning from the upper airways to deep lung
generations - requires predictive models capable of multi-task learning
to accurately capture both local and systemic interactions, including
regional airflow, turbulence, and deposition patterns across different
lung zones. By combining machine learning with computational fluid
dynamics, these integrated models may overcome current limitations
and offer innovative solutions for more precise and personalized particle
deposition predictions. To the best of the authors’ knowledge, currently,
there are still very limited studies integrating CFD with ML to predict
particle deposition in the human airway.

To advance the development of a machine learning (ML)-based
surrogate model for this purpose, this study first constructs a human
upper and central airway model based on patient-specific data. The
transport and deposition characteristics of inhaled particles via the oral
pathway are analyzed using Euler-Lagrangian methods. To enable fast
predictive models for local regional deposition rates, several advanced
machine learning models are selected, including the Linear regression
(LR), Bayesian regression (BR), Back Propagation Neural Network
(BPNN), Support Vector Machine (SVM), Random Forest (RF), extreme
gradient boosting (XGBoost), and categorical boosting (CatBoost), to
explore their multitask prediction capabilities in particle dynamics. This
study aims to guide the selection of an optimal ML algorithm for this
purpose while developing a surrogate model for particle deposition rate
prediction.

2. Method
2.1. Reconstruction of human mouth-lung model

The airway model used in this study is identical to that of Banko,
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et al. [19], which has been adopted for analyzing the transport and
deposition characteristics of inhaled particles in a upper and central
airway model. The anatomical features of the model include the extra-
thoracic airway (i.e., oral cavity, pharynx), upper airway (i.e., larynx),
and lower airway (i.e., trachea, right and left lobes) with the lung
network extending to generation 8 (G8). To quantify the regional drug
deposition characteristics of the particles ejected via the inhaler or oral
spray, the model is carefully segmented, as illustrated in Fig. 1. This lung
model is reconstructed based on a CT scan of a 47-year-old healthy male,
weighing 78 kg and measuring 174 cm in height, with no history of
respiratory disease.

The reconstructed airway model is discretized using the commercial
software package ANSYS Fluent Meshing 2022 R1. The polyhedral mesh
with typical cell dimensions ranging from 0.05 mm to 0.1 mm is used to
discretize the entire computational domain. Polyhedral meshes are less
sensitive to element stretching, outperfoming the widely used tetrahe-
dral mesh while discretizing complex multi-scale geometries [20]. Five
prism layers with an aspect ratio of 5 are further employed to capture the
detailed variable changes at the wall boundary, such as wall shear stress
and local deposition efficiency. Mesh independence tests are conducted
with 3 sets of mesh configurations prior to adding particles, i.e., 0.86
million, 1.46 million and 3.1 million.

As shown in Fig. 2, a grid independence test has been performed
through the project with lines in the domain are extracted and the results
of velocity filed are compared. The velocity field data was extracted
from the plane near the larynx where z = 0.135 m, y = 0.205 m. By
comparing the velocity variation, consider both the accuracy and the
requirement of computational rescource, a 1.46-million polyhedral
mesh configuration is ultimately adopted for the subsequent
simulations.

2.2. Boundary conditions

For the purpose of deposition prediction via machine learning,
several combinations of the independent variables are considered and
parametrically investigated in this study. Four respiratory airflow rates,
i.e., 15 L/min, 30 L/min, 45 L/min, and 60 L/min, from low respiratory
rate to high respiratory rate are performed. The inlet airflow originates
solely from the oral cavity. The inlet velocity is specified at the mouth,
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Fig. 1. Model reconstruction of the patient-specific lung with mesh details.
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Fig. 2. Result of mesh independence test performed through the process.

while pressure outlets are set for each lobe. For general drug delivery,
the particle size distribution primarily falls in the range from 0.5 pm to
20 pm [21]. Therefore, in this study, particle sizes of 0.5, 1, 2, 3, 4, 5, 6,
7, 8,9, 10, 12.5, 15, and 20 pm are investigated based on the steady-
state airflow field. One-way coupling is considered in this study due to
relatively low volume fraction of inhaled particles. Spherical particles
with a unit density of water (i.e., 998.2 kg/ms) are adopted. For each
injection with a different particle size, 30,000 particles are randomly
released from the oral interface to mimic the behavior of particle
inhalation patterns via oral spray based on User-defined Functions
(UDFs), as shown in Fig. 3. In addition, initial particle velocities ranging
from 0 % to 100 % of the initial respiratory airflow rates are also tested.
The detailed range of training variables for regional deposition fraction
prediction is outlined in Table 1. The selection of these three variables as
training features is due to the following reasons:

1) respiratory airflow rate represents realistic breathing conditions,
ranging from rest to exertion; 2) particle sizes align with the typical
range for drug delivery systems; 3) initial particle velocities capture
variations in spray dynamics. These variables are believed to be key
factors affecting deposition patterns and ensure a diverse dataset for ML
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—0.240

0255
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Fig. 3. Random distribution pattern of injected particle via UDF.
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Table 1
Independent training variables in this study.

Respiratory rate Fraction of initial respiratory Particle diameter (pm)

(L/min) airflow rate (%)
15, 30, 45, 60 0, 25, 50, 75, 100 05,1,2,3,4,56,7,8,9,
10, 12.5, 15, 20
training.

Considering the volume fraction and size of the particle involved in
current research is relatively low, one-way coupling was as applied in
the simulation assuming that their effect on the airflow field can be
negligible. In this study, four steady-state CFD cases based on different
breathing rates were first simulated to establish the baseline airflow
fields. Based on these results, the Lagrangian model was directly applied
to predict particle transport and deposition under different conditions,
generating the dataset for machine learning training. A total of 320 case
scenarios were tested.

2.3. Mathematical models

In this study, four steady-state airflow simulations (for respiratory
rates reported in Table 1) are first performed using the transitional SST
turbulence model, aiming to capture the flow transition from laminar to
turbulent. This turbulence model has been widely adopted, providing an
acceptable balance of computational cost and accuracy compared to
large-eddy simulations (LES) [22,23]. The transition SST model is based
on the coupling of the SST k-omega model with two other transport
equations: one for the transition onset criteria and the other for the
intermittency. The production term is further multiplied by the turbu-
lence intermittency (y), which can be expressed as.

Pi—»Pyy 0<y<1 (@)

Py = 0, indicating the laminar boundary layer, and 0 < Px < 1 rep-
resents the transitional boundary layer and Py = 1 describes the turbu-
lent boundary layer.

The additional transport equation for y can be expressed as
Apr) | 9(pUp)

a T ox,

0 u\ oy

where P,; and E,; are the transition sources, P,» and E, are the
destruction/relaminarization sources.

The trajectories of the inhaled particles were calculated using the
Eulerian-Lagrangian method [24]. This method additionally calculates
the force balance equation to account for the force effect on the particle
surface, including the drag force, F~D, gravity force, F~g, and pressure
gradient force, F~pgrag, which can be computed with the following
equation

o180 ) .
b= 2
Cedgp,
?g =m,g (€]
. Dus
F g = WPy )

where p is the air viscosity, uf is the airflow velocity, py is the particle
density, d, is the particle diameter, u, is the velocity of particle, pyis
density of fluid, and C. is the Cunningham correction factor.

The overall particles released from the oral interface are tracked
until they either deposit on the airway walls or exit each lobe outlet. The
equation for calculating the regional deposition fraction is as follows:

PD;

TR

DF; = x 100% (6)
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where DF; predicted the deposition fraction in anatomical region i, PD;
predicted the deposition count into anatomical region i, TR is the total
number of particles, with particle size j released into the airway.

2.4. Supervised regression models

In this study, several popular supervised ML models are adopted to
predict the nonlinear deposition characteristics of inhaled particles in
the airway. Seven widely used ML models are selected: the Linear
regression (LR), Bayesian regression (BR), Back Propagation Neural
Network (BPNN), Support Vector Machine (SVM), Random Forest (RF),
extreme gradient, boosting (XGBoost), and categorical boosting (Cat-
Boost). Before the training process, data curation is first performed on
the data obtained from the CFD simulations to ensure consistency and
cleanliness. Relevant features are then identified for model training,
validation, and testing. In this study, the input variables include human
breathing rate, particle initial velocity, and particle size, while the
output variables are the total and regional deposition rates (i.e., Oral,
Pharynx, Larynx, Trachea, RUL, RML, RLL, LUL, and LLL).

BPNN are among the most popular machine learning algorithms,
inspired by the structure and function of biological neural networks in
animal brains. These models imitate the human brain structure, with
neurons in an interconnected structure, i.e., layers of interconnected
nodes, to effectively bridge input variables and output variables via this
unique architecture [25]. The labeled information as input is fed into the
input layer (X), and the predicted data is ultimately exported from the
output layer (Y) via a number of in-between layers, known as hidden
layers. In this study, for BPNN, training is performed using minibatch
gradient descent with the Adam optimizer. The network architecture
itself includes a fully connected (linear) layer with 32 hidden units,
followed by a ReLU activation function to introduce non-linearity.

For limited datasets, particularly those in tabular form, decision tree-
based models show superior predictive performance [26]. These algo-
rithms model decision and predictive results with a tree-like structure
that has been used for both regression and classification tasks. During
training, the model splits the data into subsets based on the values of
input features, forming branches that represent decision paths. Each
internal node in the tree corresponds to a feature in the data, with
branches representing the possible outcomes of a decision rule applied
to that feature. The terminal node or leaf represents the final output or
decision, which may be a class label in a classification task or a
continuous value in a regression task. Based on this concept, various
advanced decision tree-based models have been further proposed,
including the random forest [27], XGBoost [28], and CatBoost [29], etc.
The detailed schematic diagram is shown in Fig. 4, and a detailed
explanation can be found in our previous study [30].

For the purpose of benchmark, several basic regression models are
also tested, such as LR [31] , BR [32] and SVM [33]. LR is a very basic
ML model that positing a linear relationship between input and output
features, with a relationship generally in a form of a linear equation (y =
mx + b). BR, on the other hand, incorporates probabilistic priors into the
regression process, enabling it to account for uncertainty in model pa-
rameters and providing robust predictions even with limited data [32].
Support Vector Machine (SVM) is a versatile model that constructs hy-
perplanes in high-dimensional feature spaces to optimize regression
tasks, known for its effectiveness in handling both linear and non-linear
relationships through kernel functions [33].

A grid search is performed on the development set to identify the
optimal hyperparameters for each model, as outlined in Table 2.

Training variables in Table 1 are used to predict the total and
regional particle deposition rates based on the model segmentation.
During training, cross-validation is performed, with 72 % of the random
data rows used for training, 8 % for validation, and 20 % for testing. Two
evaluation metrics are used Two evaluation metrics are used in this
study, including the mean square errors (R2) and mean absolute error
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Fig. 4. Schematic diagram of (a) BPNN, (b) RF, (c) XGBoots and (d) Catboost.

Range of hyperparameter optimization (Note: The text with bold font represents
the optimal hyperparameter).

Model Parameter Range for tested hyperparameter
SVM Kernel ‘linear’, ‘poly’, ‘rbf’, ‘sigmoid’
C 0.1, 1, 10, 100
Gamma ‘scale’, ‘auto’, 0.01, 0.1, 1
Epsilon 0.1,0.2,0.5,1, 128
BPNN Learning rate 0.01, 0.001, 0.0001

Random Forest

CatBoost

XGBoost

Hidden layer sizes
Dropout rate
Batch size
N_estimators
Max depth

Min samples split
Min samples leaf
Max features
Learning rate
Depth

Iterations

L2 leaf reg
Bagging temperature
Grow policy

Max depth
Learning rate

N estimators
Colsample bytree
Subsample

Tree method
Multi strategy

2,4,8,16, 32, 64
0.0, 0.1, 0.2, 0.5
32, 64,128

50, 100, 200
None, 10, 20, 30
2,5,10

1,2,4

Auto, sqrt, log2
0.01, 0.05, 0.1, 0.2
4,6,8,10

5000, 10,000, 15,000
1,3,5,10
0,1,3,5
Symmetric tree, depthwise, lossguide
6,10, 12

0.01, 0.05, 0.1
100, 500, 1000
0.6, 0.8, 1.0
0.8,1.0

Hist

Multi-output tree

(MAE). The equations are expressed as follows:

Sy 2
oy
1& ~
Mz’iE:HZb’i—)’ﬂ ®)
o1

where y; is the actual value, y is the predicted value and y is the mean
value of y, n is the overall sample size.

To prevent overfitting, several strategies were applied across models.
Dropout, learning rate reduction, and early stopping were used for
BPNN, while early stopping was also implemented for tree-based models
like XGBoost and CatBoost. For other models, such as Linear Regression,
BayesianRidge, SVM, and RandomForestRegressor, intrinsic regulari-
zation mechanisms like probabilistic frameworks and bagging were
relied upon to mitigate overfitting.

3. Results and discussions

In this section, the airflow pattern is first validated against the
experiment conducted by Banko, et al. [19]. The airway surface pressure
and streamlines are further analyzed.

3.1. Airflow pattern and particle deposition validation

Fig. 5 compares the experimental data obtained by Banko, et al. [19]
and the numerical simulation of this study at the steady flow rate of 60
L/min. Three representative planes are selected. Plane 1 is located in the
pharynx and is the narrowest region of the upper airway(z = 0.118 m).
Plane 2 is located in the larynx(z = 0.146 m) and plane 3 is located in the
trachea downstream of the larynx(z = 0.21 m). The velocity on each
plane is scaled according to the experimental data, in which U is the



X. Lietal

Plane 1

(EXP]

=—0—Plane 1

Powder Technology 458 (2025) 120924

Plane 2

e<Zo~Plane 2

(CFD]

Qq‘—PIane 3

3
: o2
r‘ D 1
\ Q EXP
Ny 0 —— CFD
N 4 0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 0.00.2 04 06 0.8 1.0
# ¥ Normalized Y Normalized Y Normalized Y
,, 1-B 2] o ExP 2B 2 3-B
- * 3 o —— CFD
{ 292 21 O o1
S =) =]
1 O EXP
O EXP —— CFD
0 —cf © 0 0{ 0o ©
0.00.204 06 0.8 1.0 0.00.204 06 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0
Normalized X Normalized X Normalized X

Fig. 5. Airflow pattern validation at three planes through the pharynx, larynx and trachea.

velocity magnitude and Uyt is the inhalation velocity at the mouth. The
experiment was done with magnetic resonance velocimetry (MRV) and
the original experiment material was water in the referenced work with
an inlet mass flow of 3.78 L/min to achieve the relative Reynolds
number and maintain the similarity of the flow pattern. Qualitatively,
the velocity flow patterns obtained from numerical simulations show
satisfactory agreement with experimental data, capturing most key
airflow field characteristics. Velocity profiles along two lines in each
plane are further extracted and quantitatively compared. The numerical
results predict similar airflow behavior in Plane 2 due to high velocity
but low turbulence laminar flow field. With the enhanced turbulence
intensity downstream the Plane 1, the predictive discrepancy increased,
particularly evident in Plane 3, Line A. However, the overall trend is
accurately captured and the agreements are acceptable.

To validate the reliability of the presented airway model, the pre-
dicted profile of the total inhaled particle deposition fraction (DF) versus
the Stokes number was compared with data from the literature, which
all compared with the experimental outcomes. Numerical deposition
predictions in the mouth-lung model were evaluated against results from
[22], Kenjeres and Tjin [23], Cheng, et al. [34] and Zhang, et al. [35], as
shown in Fig. 6. The comparison reveals that our simulations exhibit a
similar DF pattern across various particle sizes, consistent with the
literature data. However, it is worth noting that our study shows a
higher overall deposition rate compared to the literature, although the
general trend remains well-aligned and acceptable.

3.2. Airflow dynamics in the mouth-lung model

The airflow dynamics within the airway models are thoroughly
analyzed before training the ML models. Fig. 7 presents a comparative
evaluation of the surface pressure distribution across different inhala-
tion intensities, ranging from low to high. The results indicate a notable
decrease in surface pressure along the flow path, extending from the oral
cavity to the distal regions of the lung. A key observation is the presence
of negative pressure in regions where airway constriction occurs,

—~10 _ e This study <>
© Cheng et.al (1999)
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~ O Zhang et.al (2005)
% 0.8 4 < Kenjeres and Tjin (2017)
m e
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Fig. 6. Particle deposition validation compared to work by Kenjeres and Tjin
[22,23], Cheng, et al. [34] and Zhang, et al. [35].

particularly at the glottis, which plays a critical role in regulating airflow
resistance. In the oral cavity, relatively higher pressures are observed,
with a measurable increase from 5 Pa under low inhalation to nearly 90
Pa under high inhalation conditions. This pressure buildup reflects the
initial resistance at the entry point, as airflow transitions from the
ambient environment into the respiratory tract. Beyond the oral cavity, a
pronounced pressure drop is observed downstream, particularly as the
airflow passes through the pharynx, where geometric narrowing in-
troduces additional flow resistance.

The inhalation airflow patterns are further illustrated in Fig. 8. The
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Fig. 7. Global surface pressure distribution of the airway model under an inhalation flow rate of (a) 15 L/min, (b) 30 L/min, (c) 45 L/min, and (d) 60 L/min.
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Fig. 8. Airflow streamlines and vertical contour within the airway model under low-to-high inhalation flow rate.

results reveal that airflow recirculation commonly occurs in the
oropharynx, supraglottic, and subglottic regions. This phenomenon
arises primarily from the narrowing of the airways, where laminar flow
accelerates and develops into a laryngeal jet. The high-velocity jet im-
pinges on the posterior airway wall, leading to flow separation and the
formation of recirculation zones in the anterior regions. To facilitate an
intuitive comparison of velocity variations, the legend bar in Fig. 7 re-
mains consistent across different flow conditions. At a low inhalation
flow rate of 15 L/min, the laryngeal jet reaches a velocity of approxi-
mately 3 m/s. This velocity increases to over 10 m/s when the inhalation
flow rate is 60 L/min. The increase in jet velocity at higher flow rates
suggests a greater likelihood of particle deposition in the airway due to
enhanced inertial impaction and reduced flow adherence to the airway
walls.

3.3. Particle dynamics in the mouth-lung model

Fig. 9 illustrates the spatial deposition patterns of the mouth-lung
model based on selected representative inhaled particle sizes of 1, 5,
10 and 20 pm under the respiratory airflow rate of 15 L/min, 30 L/min,
45 L/min and 60 L/min, respectively. The deposition patterns demon-
strate the mechanistic impact of particle size and airflow rate on depo-
sition sites throughout the respiratory system. For small particles (1 pm),
deposition predominantly occurs in the deep lung areas owing to their
low inertia, enabling them to tightly adhere to the airflow streamlines
and access the alveolar regions. As particle size increases to 5 pm and 10
pm, the particles demonstrate increased deposition in the central air-
ways and upper bronchi, where alterations in airflow direction and ve-
locity result in heightened inertial impaction. For the largest particles
(20 pm), deposition primarily occurs in the upper respiratory tract,
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Fig. 9. Deposition patterns of the inhaled particles in mouth-lung models under
inhalation flow rates of 15 L/min, 30 L/min, 45 L/min, and 60 L/min.

encompassing the mouth and throat, owing to their significant inertia,
which hinders their ability to adhere to airflow streamlines, resulting in
early impact and deposition on airway surfaces.

With increasing airflow rate this phenomenon is further intensified
as particles gain greater momentum from the respiratory jet flow. As a
consequence, 20 pm-particles are more likely to settle in the oral cavity
and very few particles penetrating through the larynx.

Fig. 10 illustrates the average regional deposition fraction (DF) of
inhaled particles within different sections of the respiratory tract, spe-
cifically focusing on the oral-trachea (a), the lower right lobes (b), and
the lower left lobes (c¢) at various inhalation rates of 15, 30, 45, and 60 L/
min. In Fig. 10(a), it is observed that in the upper respiratory airway
region, the local deposition fraction increases significantly with particle
size. Larger particles (e.g., 10 pm and above) exhibit particularly high
deposition fractions, even at lower inhalation rates, due to inertial
impaction. Particles in the size range of 3 pm to 7 pm appear to be highly
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Fig. 10. Average regional deposition fraction in (a) oral-trachea, (b) lower
right lobes and (c) lower left lobes.

sensitive to changes in respiratory rate. The deposition fraction for these
particle sizes gradually increases as inhalation rates rise, which can be
attributed to a combination of increased inertial impaction from greater
jet momentum and the particles’ higher mass, both of which enhance
deposition on airway surfaces. The deposition fraction varies differently
for the lower respiratory system, as illustrated in Fig. 10(b) and (c).
Smaller particles (e.g., 0.5-5 pm) are more likely to reach the deeper
lung regions, and their deposition fraction is maximized at higher
inhalation rates. The lower deposition efficiency of larger particles (e.g.,
15-20 pm) in these distal regions is likely due to their tendency to de-
posit in the upper airways before reaching the lower lobes. Additionally,
the distribution of particles in this region highlights the role of gravi-
tational settling and diffusion, as smaller particles have a greater ability
to follow the airflow down to the distal areas.
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3.4. Predictive results via multi-output regression models

In this study, several surrogate models using ML algorithms are
established based on validated CFD simulations. The overall dataset is
randomly divided, with 72 % selected for training, 8 % for validation,
and 20 % for testing. The training variables include respiratory rate,
injected particle diameter, and initial particle injection velocity. The
prediction variables include the total and regional deposition rates
within the oral cavity, pharynx, larynx, trachea, right upper lobe (RUL),
right middle lobe (RML), right lower lobe (RLL), left lower lobe (LLL),
and left upper lobe (LUL).

Tables 3 and 4 summarize the comparison of predictive errors be-
tween the results of the ML models. As shown in Fig. 11, the R? values for
predicting the total deposition rate are calculated as 0.8361, 0.9802,
0.8361, 0.999, 1, 1 and 0.9955 for LR, SVM, BR, RF, Catboost, XGBoost,
and BPNN models, respectively, based on the training dataset. These
values indicate a very strong correlation between the input and output
training variables, except for the LR and BR, with their R? smaller than
0.9. For the other models, it can be observed that BPNN and SVM have
comparatively lower R2 value, suggesting that, for a tabular dataset with
limited data, decision-tree-based models generally outperform the other
ML algorithm. Additionally, CatBoost and XGBoost demonstrate the best
prediction capabilities, with both models successfully correlating the
training and predictive features. It is worth noting that, although the R?
values of CatBoost and XGBoost are 1, this result is achieved by adopting
an overfitting strategy. R? values based on the testing datasets are
0.8219, 0.9729, 0.8222, 0.9997, 0.9977, 0.9999 and 0.9932 for LR,
SVM, BR, RF, Catboost, XGBoost, and BPNN models, respectively. This
implies that, for predicting the particle deposition rate, these popular
ML algorithms can all yield satisfactory fitting results expect for LR and
BR, with XGBoost being the best option.

In Fig. 12, the mean absolute errors between the predicted and nu-
merical data provide a detailed comparison of model performance when
predicting regional deposition rates. It can be found that MAE values are
comparatively higher for LR, SVM, and BR for both the training and
testing datasets. For the training dataset, such MAE values for these
three models are generally within 1. However, these models show the
worst generalizability for the testing dataset, with MAE greatly
exceeding nearly 10. It is worth mentioning that the BPNN model also
shows relatively lower accuracy, especially in predicting deposition
rates in the pharynx, right lower lobe (RLL), and notably the larynx,
where the MAE exceeds 2. This suggests that BPNN may struggle with
limited datasets while predicting the complex or non-linear relation-
ships in the data.

On the other hand, decision-tree-based models, particularly
XGBoost, demonstrate superior performance. XGBoost achieves lower
MAE values across all regions, outperforming both RF and CatBoost. The
MAE for each regional deposition rate prediction is consistently below
0.15 for decision-tree-based models, indicating their robustness and
precision in handling intricate spatial deposition patterns within the
respiratory tract. These findings underscore the suitability of decision-
tree-based models, particularly XGBoost, for applications where high
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accuracy in predicting regional deposition is critical. The consistent
performance of XGBoost across various regions suggests its potential for
reliable predictions in real-world scenarios, where accurate modelling of
particle deposition can significantly impact the design and optimization
of inhalation therapies.

To summarize the model performance in the training and testing
cases, the error histograms of each model are outlined. The error his-
tograms for predicting the total deposition rate are first presented in
Fig. 13. These histograms visualize the discrepancy between the pre-
dicted and targeted outputs, with the y-axis representing the number of
samples with corresponding error sizes and the x-axis representing the
error magnitude between the ground truth and the predicted outcomes.
It can be observed that decision-tree-based models, particularly XGBoost
and CatBoost, show significantly smaller error distributions compared to
other models. Both models demonstrate a strong alignment between
ground truth and predicted values, with their errors tightly centered
around zero. XGBoost is the model that exhibits the smallest error ranges
during the training and testing processes. Further information with
regards to the regional deposition rate can be found in Appendix A. It is
evident that, for regional deposition rate prediction, decision-tree-based
models still show great potential for such multi-task predictive capa-
bility, particularly XGBoost.

4. Further discussion and future research prospects

This study concludes that decision-tree based models are better so-
lutions for predicting very complicated non-linear relationships in the
data of particle deposition. Numerous tabular datasets frequently
exhibit objective functions that lack smoothness, revealing intricate
nonlinear interactions. This attribute does not provide a difficulty for
tree-based models, as they utilise a piecewise modelling technique, with
each decision tree node adjusting to the local anomalies in the data
distribution. It should be noticed that the underperformance of BPNN in
regions like oral deposition can be attributed to its limitations in
handling complex, multi-output regression tasks. BPNN models are
highly dependent on large, high-quality datasets for effective training.
When data is sparse or lacks diversity, the model struggles to generalize,
resulting in reduced accuracy, particularly in intricate tasks where
subtle input variations can significantly influence the output. Therefore,
when confronted with intricate target variables featuring many extrema
or irregular patterns, tree-based models such as XGBoost are more adept
at precisely capturing these relationships.

In the current research, the feasibility of introducing machine
learning to predict particle drug deposition within the human airway
has been tested. Meanwhile, the participants of the current research
have also noted that this attempt may contain limitations that need to be
addressed in future studies. The limitations and recommended future
directions are summarized below.

Current CFD-DPM studies have shown that airway diversity signifi-
cantly influences particle deposition rates. For future ML-based predic-
tion models, it is recommended to classify airway geometries based on
population diversity, and use machine learning to learn geometric

Table 3

The summary of R? value of each model based on training cases.
Variables LR SVM BR RF CatBoost XGBoost BPNN
Total deposition 0.8361 0.9802 0.8361 0.9999 1 1 0.9955
Oral 0.2251 0.5261 0.2246 0.9975 1 0.9968 0.9546
Pharynx 0.5346 0.9788 0.5345 0.9992 1 1 0.9916
Larynx 0.4868 0.9754 0.4867 0.9996 1 1 0.9881
Trachea 0.3536 0.6426 0.3534 0.9985 1 0.9984 0.8257
RUL 0.3359 0.8554 0.3356 0.9979 1 0.9955 0.9605
RML 0.1948 0.4215 0.1942 0.9953 1 0.994 0.741
RLL 0.0352 0.3987 0.0304 0.9979 1 0.998 0.8035
LUL 0.2923 0.8298 0.2919 0.9973 1 0.9968 0.9338
LLL 0.1158 0.7261 0.1146 0.999 1 0.999 0.9181
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Table 4
The summary of R? value of each model based on testing cases.
Variables LR SVM BR RF CatBoost XGBoost BPNN
Total deposition 0.8219 0.9729 0.8222 0.9997 0.9977 0.9999 0.9932
Oral —0.6044 0.8407 —0.4894 0.9926 0.9688 0.9275 0.5379
Pharynx 0.447 0.9775 0.4489 0.9971 0.9943 1 0.9899
Larynx 0.5247 0.9685 0.5254 0.9987 0.9976 0.9998 0.9858
Trachea 0.4144 0.6423 0.4151 0.9913 0.9613 0.9893 0.7075
RUL 0.2736 0.8283 0.2769 0.9814 0.9818 0.9803 0.9441
RML 0.0476 0.1824 0.0574 0.9762 0.9349 0.9568 0.6328
RLL —0.0073 0.2844 0.005 0.9956 0.9713 0.9963 0.7119
LUL 0.1838 0.7502 0.1879 0.9592 0.9581 0.9696 0.8374
LLL 0.0014 0.5411 0.0073 0.995 0.9714 0.9951 0.9115
100 ——— 100 o 100 — ~
= o Training s ° ’ = o Training ey 2@ s = o Training 5.2 s
= 207 Test g Pt = %07 Test P = 90 i Test v
£ 80~ — - Training fit o e...07 £ 80~ ~ -Training fit i £ 50~ ~ - Training fit ) 0. 7%
2 — — -Test fit © g 2 — — -Test fit bl 4 & — — -Test fit © i
o 70 g > 70 7 s 70 >
£ o i/ £ @y £ o i, -10%
< 60 . < 60 - s < 60 oy
S s S S ~
= s0 8. = s0 = s0 8,
g >4 g g -
= 40 = 40 < 40
3 sy 3 3 7%
X 30 iy = 30 X 30 £ iy
S P24 S < L
2 20 2 ) o 2 _ ~ 2 20 foeiei 2 _ 2 20 < 2 o 2 _ &
% ,// %3? Training 0.8361 -'g H Training 0.9802 % P z %ng Rﬂaimng =0.8361
S z, 2 S L o= AT NN T 2 _ - S L 7 % < . O 2 _ c
& ;%6:.0@9@"5" Rz =08219| & 10 W RZ,,  =09729 g0 }g;oé%mo"ﬂ’ R,  =08222
0 1 1 1 1 1 1 1 1 1 0 1 i 1 1 1 1 1 1 1 0 1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 8 90 100 0 10 20 30 40 50 60 70 8 90 100 0 10 20 30 40 50 60 70 80 90 100
Actual values (Numerical simulation) Actual values (Numerical simulation) Actual values (Numerical simulation)
(a) LR (b) SVM (¢) BR
100 — T 100 — - 100 —
s o Training + 10% ¥ —~ o Training 4 —_ raining + 5%
%O 20 Test T %O 0 Test ¥10% . %27 %O 90 Test
§ SOH——Fit = el A L é 8OH——Fit = iy e..4 ; 80 b——Fit
2 70l 5% Deviation line| 2 20l 5% Deviation line| il 2 ol 5% Deviationline| | A <
g 10% Deviation line 10% E 10% Deviation line “-10% _g 10% Deviation line <07
S 6of . — — =107 5 s} . — : 5 60 f— : : 522
3 $ S
< O S 5% S sof F10% g
2 40t 5% 2 40 2 =59 2 40 ;
§ § , § - 10%
= 30 = 30 P = 30 4 Ll
3 20 % 2 3 20 / 2 3 20 : W o
S ool 2 g =099 8 4 R g = 100000 3 e = 1-0000F
E 19 ,&V Ry,  =0.9997 5 10 Ve i R7.:  =0.9999]" 3 10 R%,,  =0.9995
0 (I (P | (P F i 0 i e o T iy i HE - i i
0 10 20 30 40 50 60 70 8 90 100 0 10 20 30 40 50 60 70 8 90 100 0 10 20 30 40 S50 60 70 80 90 100
Actual values (Numerical simulation) Actual values (Numerical simulation) Actual values (Numerical simulation)
(d) RF (e) XGBoost (f) CatBoost
100 100
= Training % o
%O 20 Test i B
g 80 Fit : g
2 70 5% Deviation line 4 g
g — — -10% Deviation line 10%
< 60 =
S
=
< SofF F5%
E or H r
§
X SR S S S5lS VORISR SOUNNUIS UMM WS S
E 30
L [Roune =09955]
N L < 2 = .
S0 (gﬁv R2.,  =09932
Py =l H PO P o e v
0 10 20 30 40 50 60 70 8 90 100

Actual values (Numerical simulation)

(¢) BPNN

Fig. 11. The correlations of total deposition fraction between the CFD results and the predictions by the (a) LR, (b) SVM, (c) BR, (d) RF, (e) XGBoost, (f) Catboost and
(g) BPNN based on the training and testing dataset.

information and flow characteristics to improve prediction accuracy. In
addition, it is worth mentioning that for future studies, the effect of the

proportions of the training dataset should be carefully examined, and

10

the predictive capability using other respiratory models should be
further tested to validate the ML robustness.

Considering the sensitivity of the current patient-specific research,
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additional human airway models could be introduced to enhance model
generalizability in the future. This would provide more training features
and geometric information of human airways, which is beneficial for
improving predictive accuracy. To improve the generalizability of ML
models for inhaler design and drug delivery, additional input variables
such as sprayer orifice diameter, half-angle, mass flow rate, etc., could
be considered. For liquid formulations, particle density, surface tension,
and viscosity are also critical factors that can be considered in future
study. Furthermore, the human dynamic breathing pattern is also worth
incorporating into ML studies. While the machine learning models used
in this study primarily rely on static input features, transient flow var-
iations under different breathing patterns can still be incorporated as
additional input variables. However, for datasets involving strong tem-
poral dependencies, LSTM or other recurrent neural network (RNN)
architectures could be more effective in capturing sequential relation-
ships, and future work may explore their integration to enhance pre-
dictive accuracy for dynamic inhalation conditions. While incorporating
more relevant variables may enhance predictive accuracy by better
capturing particle transport dynamics, it may also introduce challenges
like increased model complexity, higher computational costs, and the
risk of overfitting.

In real-world scenarios, inhaled aerosols typically exhibit poly-
dispersity, which may impact the predictive accuracy of statistical
models. This study utilizes monodisperse particles to establish a

11

foundational understanding of the model’s predictive capabilities across
multiple output targets under controlled conditions. Additionally,
employing monodisperse particles enables a faster and more precise
assessment of deposition mechanisms. By initially focusing on mono-
disperse particles, the study aims to ensure that the statistical models
accurately capture fundamental deposition trends before introducing
the complexity of polydisperse aerosols.

In future research, these aforementioned factors should be taken into
consideration to validate the universality of the current workflow and
generate practical guidance or a well-structured tool for clinicians to
apply the findings of this research in clinical treatments and the devel-
opment of novel medical devices.

Extending similar machine learning approaches to predict particle
deposition in nasal airways is also a valuable research direction. Given
the anatomical complexity and airflow characteristics of the nasal cav-
ity, incorporating ML models for deposition prediction could provide
further insights into drug delivery optimization [36-41].

For the computational fluid dynamics (CFD) part of the research,
considering the complexity of healthy lung models and computational
resources, the turbulence model for the simulation has been set to the 4-
equ SST model, which provides flexibility to quickly generate flow field
information for the prediction of particle deposition. However, in future
research and applications, more precise turbulence models, such as
Detached Eddy Simulation (DES) or Large Eddy Simulation (LES), can be
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Fig. 13. The error histograms of the advanced models for predicting total deposition rate.

applied, particularly when dealing with the complexity introduced by
morphological changes due to diseases such as COPD and lung cancer.
The particle release strategies, such as release location and release
patterns on the initial release plane, should also be considered, espe-
cially when applying relatively large particles whose movement is more
influenced by inertia than by the flow.

5. Conclusion

This study investigates the multi-task predictive capabilities of
several regression models, including including Linear regression (LR),
Bayesian regression (BR), Back Propagation Neural Network (BPNN),
Support Vector Machine (SVM), Random Forest (RF), XGBoost, and
CatBoost, for predicting both the total and regional deposition rates of
inhaled particles in a patient-specific mouth-lung model. The input
training features include human respiratory airflow rate, particle di-
ameters, and initial particle velocity. The database is derived from well-
validated CFD simulations using the Eulerian-Lagrangian method.

The results show that LR, BR, and SVM cannot fully interpret the
complex non-linear relationship of the particle deposition mechanism
for both the training and testing datasets, with average R? values
ranging from 0.21 to 0.73 and MAE reaching nearly 15. For total
deposition rate prediction, all other models, including BPNN, RF, Cat-
Boost, and XGBoost, achieve high accuracy, with R? values greater than
0.99. However, the BPNN model fails to achieve consistent performance
when predicting the regional deposition rate, particularly for oral

deposition, where R? = 0.538. From these comparisons, with such a
limited dataset derived from a patient-specific model, decision tree-
based models outperform the BPNN models. These decision tree-based
models exhibit very small MAE values when predicting total and
regional deposition rates, with XGBoost and CatBoost being the most
optimal. Notably, for decision tree-based models, the MAE for regional
deposition rate prediction consistently remains below 0.15, highlighting
their robustness and precision in capturing intricate spatial deposition
patterns within the respiratory tract. By visualizing the error histograms,
it can be observed that XGBoost performs the best, as most predictive
errors are within the range of £0.5, while CatBoost and RF generally
show errors within +2.
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Fig. 14. The error histograms of the advanced models for predicting the upper airway deposition rate.
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Fig. 15. The error histograms of the advanced models for predicting the right lower airway deposition rate.
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Fig. 16. The error histograms of the advanced models for predicting the left lower airway deposition rate.
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