A multi-scale computer model of mechanical ventilation for COVID-19 patients
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Abstract: There is a need for more individualized treatment of critically ill patients
receiving mechanical ventilation (MV). Therefore, this research aims to create a
preliminary multi-scale computational modeling framework for MV in critically ill COVID-
19 patients as a step toward studying region-specific and overall lung dynamics in these
patients. This goal was accomplished by developing proof-of-concept image-based
computer models providing insight into airflow redistribution and volume and pressure
gradients on a lobe-specific basis. Our in silico multi-scale MV models simulated
redistribution of ventilation for up to 20% of air volume from severely damaged lung lobes
to the lobes less affected by COVID-19, hence potentially revealing a risk factor of MV-
induced volutrauma due to heterogeneity of lung damage distribution in COVID-19. This
study lays the foundation for future COVID-19 patient-specific lung models for
individualized simulation of MV.
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1. Introduction

Coronavirus disease-2019 (COVID-19) is a highly transmissible disease caused by a
coronavirus known as severe acute respiratory syndrome coronavirus-2 (SARS-CoV-2)
that typlically attacks the lung in a manner showing similarities to acute respiratory
distress syndrome (ARDS) [1]. Despite the development and distribution of COVID-19
vaccines, consistently developing new variants highlight the continued need for novel
methods to understand and treat COVID-19 [1]-[3].



COVID-19 can give rise to COVID-19 ARDS (CARDS), defined by pulmonary edema with
diffuse alveolar damage (DAD), affecting both lung compliance and the number of alveoli
available to participate in gas exchange. There are pronounced differences between the
symptomology of CARDS and typical ARDS. CARDS tend to have worse outcomes than
typical ARDS with typical ARDS having a mortality rate of 35.3% to 40.0% for intensive
care unit (ICU) and hospital stays, while CARDS mortality has been reported to be
between 26% and 61.5% [4]. Imaging of CARDS has shown unique features, including
the increased peripheral occurrence of consolidation, higher occurrence of ground-glass
opacities (GGOs), lower lung predominance, the appearance of more rounded opacities,
and increased vascular thickening [4]. At the microscale, although COVID-19 exhibits
DAD similar to that of typical ARDS, COVID-19 also shows extensive microangiopathy
(damage to small blood vessels) that differentiates it from other lung pathologies [5].

COVID-19 patients with respiratory failure are often treated with mechanical ventilation
(MV) in an intensive care unit (ICU) due to either inadequate oxygenation or help needed
with the work of breathing [6]. This invasive procedure carries the risk of ventilator-
induced lung injury (VILI), often due to physiologically-incompatible positive pressure
configuration leading to high volumetric strain gradients and localized damage in the lung
[7]. Moreover, VILI may contribute to the high mortality rate of COVID-19 patients
subjected to MV, with a meta-analysis of 57,420 COVID-19 patients that received MV
reporting a case fatality rate of 45% that increased with age [8]. Therefore, understanding
the interaction between CARDS lungs and MV is essential.

Mathematical and computational models can be used to assess the results of MV and
test novel MV protocols. Additionally, in silico modeling of the lung can enable greater
control of MV parameters than in vitro or cadaver modeling. A recent systematic literature
review by Warnaar et al. [9] found 149 publications on computational physiological
modeling of MV, out of which 131 articles modeled lung mechanics. For instance, E.
Dincel [10] presented a comprehensive overview of in silico MV models by examining and
designing algorithms for various advanced MV modes, demonstrating the great potential
of MV simulations to simulate variable ventilation conditions, as further exemplified by the
work of Das et al. [11] to examine differences in CARDS and other lung pathologies when
exposed to different ventilation parameters. In another approach, a virtual patient model
created by Morton et al. [12] was used to predict the response of mechanically ventilated
lung based on clinical data from an MV study by Szlavecz et al. [13]. However, neither
Das et al. [11] nor Morton et al.’s [12] pioneering studies were image-based. Image-based
computer models can offer a more patient-specific approach to simulate fluid dynamics
and tissue mechanics of diseased, and mechanically ventilated lungs. Such image-based
approaches to creating computer models of lung can serve a wide variety of purposes,
including multi-scale simulation of gas flow and ventilation [14]-[18] as well as MV
dynamics [10], [12], [19], [20]. However, there are few image-based modeling studies of
COVID-19 lungs, as is expected for a relatively recent disease [11]. Nonetheless, a strong
foundation for future COVID-19 lung models can be built using existing lung models and
image-based methodologies. An example image-based study is a computational fluid
dynamics model developed by Kim & Pidaparti [21] for MV and normal breathing in a
simplified CT-based airway geometry. However, this study forgoes patient-specificity of



the lung geometry. Hence, there is a need of image-based MV computer models,
particularly for COVID-19, in the research literature.

This study aims to present a preliminary in silico model for simulating patient-specific
responses to MV, based on clinically sourced CT images of COVID-19-afflicted lungs.
The model couples 16 generations of airways to a mathematical (zero-dimensional)
acinar model that includes alveolar mechanics. A major assumption of this modeling study
is that the GGO and consolidation regions show increased stiffness compared to heatlhy
regions, and that the increased stiffness can be modeled using a modified pressure-
volume relationship for the acini of the lung. The study rests on the hypothesis that the
subject’s lung and lobar geometry are a major determiant of the lung’s response to MV.
This model subsequently gives insight into potential risk factors of VILI, and sets a
foundation for future personalized treatment strategies.

2. Methods

2.1 Imaging

The East Carolina University University and Medical Center Institutional Review Board
(UMCIRB) approved the image collection and processing methodology used in this study
with study ID 20-001447. Four patients recently hospitalized for advanced cases of
COVID-19 at Vidant Medical Center (Greenville, North Carolina, USA) were imaged using
four-dimensional computed tomography (4DCT) scanning during tidal breathing using an
Optima CT580 RT scanner (GE Healthcare, Waukesha, WI). Informed consent was
obtained from each patient. A Varian 4DCT Real-time Position Management system
(Varian Medical Systems, Palo Alto, CA) captured the patient’s real-time external chest
motion amplitude, and Advantage 4D (GE Healthcare, Waukesha, WI) software
retrospectively assigned the CT data into corresponding phases of the respiratory cycle.
CT imaging parameters consisted of 120 kVp, 300 mAs, and 20 mm collimation.

Patient data retrieved include age, height, weight, smoking status, and sex, as shown in
Table 1. Each patient was a male non-smoker.

Table 1: COVID-19 subject demographics.

Subject Age Weight (kg) | Height (m) BMI Predicted body
Number weight (PBW) (kg)
1 51 88.5 1.676 314 |63.756

2 67 110.2 1.727 36.8 |68.372

3 63 90.7 1.524 39.3 |50.000

4 75 95.3 1.829 28.5 |77.603

Average 64 96.2 1.689 34.0 |64.933

2.2 Airway and Lobe Segmentation
The major airways of each subject were segmented from the end-inspiratory phase
using Materialise Mimics 23.0 (Materialise NV, Belgium). This method generated the
first five to six generations. Centerline detection and extraction of segmented major
airways were also performed using Mimics 23.0, as described in Bordas et al.’s work
[22]. Finally, the geometry of each lobe was segmented at the end-inspiratory and end-




expiratory phases using the Chest Imaging Platform [23] available in open source
software 3D Slicer [24], [25].

2.3 Airway Generation

Patient-specific airway segmentation was constrained beyond the first few generations
by CT image resolution. A space-filling airway generation algorithm with random
heterogeneity based on the work of Tawhai et al. [26], [27] available in the C++ simulation
package CHASTE (Cardiac, Heart, and Soft Tissue Environment) [28], [29] was thus used
to generate first 16 generations of lung airways. The number of terminal airways, which
were coupled to acini, per lung was approximately 15,000 [30]. The lumen diameter for
each one-dimensional line segment was assigned based on the Horsfield number [31],
[32]:

logD(x) = (x — Max) log RgH + 108 Dpyqx (1)

where x, D, Max, Dy, represented the current Horsfield order, the airway diameter, the
maximum Horsfield order and the maximum diameter, respectively. R;H represented the
anti-log slope of airway diameter plotted against Horsfield order and was assigned to be
1.15 [31]. A flowchart summarizing the methods of the study is shown in Figure 1.

2.4 COVID-19 Region Generation

COVID-19-affected regions were segmented in 3D Slicer using the LungCTAnalyzer [33]
extension of the Chest Imaging Platform [23]. Hounsfield unit (HU) thresholds between
healthy and diseased portions were determined based on a study by Kassin et al. [34].
Healthy lung regions were defined within the range of -1000 to -650 HU. The preset values
for COVID-19 lung analysis in the 3D Slicer Chest Imaging Platform [23] and Lung CT
Analyzer [33] were thus used to differentiate COVID-19 regions, with voxels in the -650
to -451 HU range treated as GGO and -450 to 0 HU treated as consolidated regions [22].
These COVID-19 regions were then exported to Materialise 3-Matic 16.0 (Materialise NV,
Belgium) for post-processing and mesh generation. The 3D STL mesh was used to
determine the location (i.e. coordinate points) of the aerated, GGO and consolidated
regions. Next, a custom MATLAB (Mathworks Inc, Nautick, USA) script was written to
compare the location of each acinus in the airway model with the location of GGO and
consolidation regions in the segmented lung geometry. If the acinus fell within a GGO or
consolidated region, then a higher stiffness was assigned to the acinus as described in
the next section and in Figure 2.

2.5 Computational Model Generation

There is considerable debate on whether volume- or pressure-controlled ventilation is
more effective [35]. For the purpose of this study, pressure-controlled ventilation was
used as it is more readily applicable to the airflow simulation framework in our modeling
workflow. Each simulation had an input pressure assigned to the uppermost node in the
airway tree to act as the output of an invasively inserted endotracheal tube. The pressure
applied here was assigned to atmospheric pressure at the beginning of each simulation
to allow time for passive aeration of the lung. Subsequently, the pressure was varied
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according to a simulated ventilator waveform. There are a number of important
considerations for the simulation of MV, including tidal volume, respiratory rate,
inspiratory-to-expiratory ratio (I:E), driving pressure, peak inspiratory pressure (PIP), and
positive end-expiratory pressure (PEEP) [36]. Respiratory mechanics during MV is
generally estimated using Equation 2 [37], known as the single-compartment MV model:

. V.

P, + P, = ViR, + C—T + PEEP (2)
RS

where Py is the applied ventilator pressure, Pn is pressure generated by inspiratory

muscles, V is inspiratory flow, Raw is airway resistance, V7 is tidal volume, Crgs is
respiratory system compliance, and PEEP is positive end-expiratory pressure [37]. Note
that this equation assumes constant values for Crs and Raw. For the healthy adult lung
Crs is approximately 50-100 mL/cmH20, and Rawranges from 1 to 4 cmH20/L/s [38].

Pm in Equation 2 is analog to the pleural pressure of the lung for the purpose of the MV
modeling framework presented here. We assumed patients were in passive breathing
conditions, so there was no rhythmic variation of pleural pressure due to diaphragm
movement, unlike natural ventilation. Instead, the ribs, diaphragm, and tissue weighed
down the lungs in the supine position. Thus, as lung volume increased, the pleural
pressure also increased, so the pleural pressure could become positive at high lung
volumes, forcing out excess air. This elastic behavior was conceptualized and modeled
by Ismail et al. [16] for the pleural pressure:

Py = P+ b,Vyep + cpe@rVver) (3)

where Pgl is equal to -5 cmH20, and bp, cp, and dp, are pleural space wall model
parameters. These variables suggested by Ismail et al. [16] and fitted to clinical data from
Harris et al. [39] were also used here such that b, = 20.344 cmH:20, ¢, = -33.382 cmH20,
and the unitless parameter d, = -7.686, and were assumed to be constant for all patients
studied here which means the parameters are not patient-specific. In equation 3, Vvcp is
the percentile vital capacitance and is dependent on patient-specific lung characteristics
such that:
V —RV
Wer =5re—gy (4)

where V is the current volume, RV is the residual volume, and TLC is the total lung
capacity in liters [16]. The following equations from Boren et al. [40] were used to estimate
lung capacities and volumes for each subject:

TLC = 0.078H — 7.30 (5)

RV = 0.019H + 0.01154g — 2.24 (6)

where H is the subject’s height in centimeters, and Ag is the subject’s age in years.



The airways of the lung were modeled as a system of rigid pipes with a modified Poiseuille
flow following the approach developed by Swan et al. [41] and Ismail et al. [42].
Corrections to the dynamic resistance were applied:

Pressureiyor — Prlessureoutlet = RQ (7)
= Daw)z __8klaw 8
R=y (Re law) (n(o.snaw)4) (8)

where Q is the flow rate, R is the airway resistance, u is the air dynamic viscosity, Daw
and /.w are the diameter and length of an airway, respectively, Re is the Reynold’s number,
and y was set to be generation-dependent based on the work of Ismail et al. [42], [43]
and van Ertbruggen et al. [44] as follows:

Generation 0 1 2 3 4 5 6 7 >7
y 0.162 | 0.239 | 0.244 | 0.295 | 0.175 | 0.303 | 0.356 | 0.566 | 0.327

The Reynolds number was defined as:

_ 4plQ|
Re = 2oL ©)
Where p is density of air. All nodal pressures and edge fluxes were solved for
simultaneously using multifrontal lower—upper factorization solver UMFPACK [45], [46].

Acinar mechanics were represented with a sigmoidal pressure-volume curve based on
the work of Fujioka et al. and Venegas et al. [47], [48]:

V,=A+ (10)

1+ e-Pa—0)/D
where Vq is the acinar volume, Pq is the transpulmonary pressure for each acinus, and
A, B, C, and D are constants that vary based on surfactant level. Estimated lung
volumes of each patient were used to define coefficients A and B, as A is approximated
by the residual volume and B is approximated by the vital capacity (see equations 5 and
6). The values of C and D in the sigmoidal model correspond to the inflection point of
the curve and were assigned the following values for all patients based on our previous
work and Fujioka et al.’s: CHeaithy= 1079 Pa, C20%= 1420 Pa, Cs0%= 2359 Pa, DHealthy=
449 Pa, D20%= 451 Pa, Deo%= 357 Pa. The acini were coupled to each terminus of the
generated airway tree. Time-derivative of equation (3) was solved at the end of each
terminal bronchiole, where an acinus was connected to an airway, thus coupling the
pressure in the airway tree and the acinar model.

GGO and consolidated region volumes created in Section 2.4 were used to identify acinar
regions affected by COVID-19. Acini in GGO regions were treated as partially filled with
air with 20% reduced surfactant while consolidated regions were treated as mostly
occluded with 60% reduced surfactant [49], [50]. Increasing the degree of surfactant
reduction corresponded to a decrease in compliance in the acinar mechanics model to
represent damage, as shown in Figure 2.
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Figure 1: Flowchart of the methods employed in the present study, starting with
segmentation of lung lobes, infected and healthy regions, and major airways, followed
by algorithmic generation of smaller airways (A), and application of mechanical
ventilation pressure output at the trachea (B). Acinar mechanics were simulated using
sigmoidal pressure-volume relationships (B). The simulations produced air pressure
distribution in the lung and lobe-specific flow rate and air volume (C).

—ik—Healthy

©—20% reduced surfactant

Volume (L)
w

40% reduced surfactant

60% reduced surfactant

|
I
|
1 I
|
I
I
|

0 500 1000 1500 2000 2500 3000 3500 4000
Pressure (Pa)

Figure 2: The sigmoidal model derived from [48] and [47] used in a simulation for
healthy and COVID-19 affected lungs. The pressure — volume curve for a healthy lung
is shown in blue. As damage progresses in the lungs, there is a progressive reduction of
surfactant amount and compliance of the acinar units. The decrease in surfactant shifts
the pressure-volume curves to the right, as seen in the 20% reduced surfactant
(orange), 40% reduced surfactant (grey), and 60% reduced surfactant (yellow) cases.
The dashed grey lines indicate the pressure range used for the simulation [51].

The MV waveform selected was based on the work of Dincel et al. [10] due to its similarity
to shark-fin-shaped waveforms commonly used in MV. Our approach enabled
comparison to the results of Szlavecz et al.’s [13] clinical study of MV, as well as to studies
of MV based on this clinical trial, such as those by Morton et al. [12], [52]-[54]. Our
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simulations used a PEEP of 5 cmH20, a driving pressure (Pc) of 10 cmH20 (and
subsequent PIP of 15 cmH20), an inspiration time (t;) of 0.5 seconds, a time constant ()
of 0.075, an |:E ratio of 1:3, and a total respiratory period of 2 seconds/breath for a
respiratory rate of 30 breaths per minute. COVID-19 and hypothetical healthy lungs
subjected to MV were simulated for comparison.

3. Results

To qualitatively validate our simulation results, the output data from the model can be
compared to output data from other MV studies. For example, Morton et al. [53] created
virtual patients based on MV data from Szlavecz et al. [13]. This clinical trial from Szlavecz
et al. [13] managed real-time patient respiratory mechanics with novel software connected
to a volume-controlled ventilator. The authors noted that “[The volume-control] flow profile
is similar to the flow profile generated during pressure control mode”. Morton et al. [12],
[54] used these flow profiles to generate a predictive model of MV. Figure 3 compares the
flow output waveform from the Morton et al. [54] study to the flow output waveform from
our research (for Subject 1). Note that the peak flow is considerably higher in the Morton
et al. [54] waveform (approximately 6 L/s compared to our results of about 3.3 L/s in the
healthy simulation), but the inspiratory period is also almost half as long as ours
(approximately 0.25s in the Morton et al. [54] study and 0.5s in our study, which leads to
similar tidal volumes. Thus, our study's general waveform appears to agree with the
clinical and predictive models from Morton et al., despite using different input pressure
waveforms [54].
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Figure 3: Flow waveform output from Morton et al. [54] (a) and the flow waveform
output from simulation of Subject 1 at the trachea used in this study (b). The dashed line
in (a) indicates clinical average results from a dataset of 14 patients. The solid line in (a)
results from Morton’s predictive model. (Image on the left is reprinted from Morton et al.

[54] with permission from Elsevier)



Eight simulations were run in total for the four patients in this study: one of a hypothetical
healthy lung subjected to MV and a COVID-19-afflicted simulation of MV for each subject.
Figure 3 shows air flow rate at the trachea and into each lobe, determined by calculating
the flow rate at the first airway branch that enters each lobe for a delivered breath. For
Subject 1, airflow through the left lower lobe showed the largest reduction compared to
the hypothetical healthy lung model due to the extensive damage present in this particular
lobe. Flow rate was integrated over time to find the coincident change in the lung and
lobar volumes, as shown in Figure 4 for Subject 1. As expected, the left lower lobe for
Subject 1 demonstrated the largest reduction in air volume. All the plots for flow rate and
volume over time results of the other three subjects are reported in Appendix A.

Tidal volumes reported in Figure 5 can be used to determine the lobar share of ventilation
— the percentage of the tidal volume taken in by each lobe, for healthy and COVID-19
simulations. The percentage change of lobar share values of the healthy simulation to
lobar share values of the COVID-19 simulation, are reported in Table 2 to examine the
deviation between healthy and COVID-19 simulations quantitatively. The tidal volume
differences between simulations demonstrate that if all simulation conditions are held the
same other than the introduction of COVID-19 regions, flow and subsequent tidal volume
within the lung will vary regionally (Figure 5). On average, the right middle lobe increased
its lobar share by a substantial (9.4% - 20.5%) amount in COVID-19 cases, while the
lobar share of the left and right lower lobes decreased by 12.8 and 7.3% respectively.
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Figure 4: Flow through the trachea and individual lung lobes of Subject 1. The right
middle lobe showed the least change in flow between the hypothetical healthy and
COVID-19 simulations.
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Figure 5: Volume of air passing through the trachea and individual lobes of Subject 1.
The left lower lobe showed the largest reduction volume for the COVID-19 simulation
compared to the hypothetical healthy case.

Table 2: Percent change in lobar share of ventilation between COVID-19 simulations
and healthy simulations for each lobe of each subject. Negative values indicate a
decrease in lobar share in the COVID-19 versus healthy simulation.

Right upper | Right middle | Right lower Left upper Left lower
lobe lobe lobe lobe lobe
Subject 1 2.1% 20.5% -9.3% 4.0% -15.5%
Subject 2 15.1% 9.4% -11.4% -5.0% -2.3%
Subject 3 4.9% 12.2% 8.8% -0.8% -19.3%
Subject 4 -4.8% 11.1% -17.1% 12.8% -13.9%
Average 4.3% 13.3% -7.3% 2.8% -12.8%

The COVID-19 afflicted percent, which is the percentage of the volume of each lobe that
is affected by either GGOs or consolidation at end-inhalation based on the CT image, can
be subtracted from the average COVID-19 affliction per lung to assess COVID-19
damage on a regional basis within each lung, as shown in Table 3. These values refer to
how damaged a lobe is relative to the rest of the lung and will be referred to as the relative
COVID-19 damage. On average, the right middle lobe was much healthier (>+10%) than
the rest of the lung lobes for all subjects, while the right and left lower lobes were much
more damaged than the rest of the lung.
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Table 3: Difference between the average amount of COVID-19 damage within each
lung and the COVID-19 damage within each lobe, derived from CT images. A positive
value indicates that the lobe has more damage than average within that lung.

Average Relative COVID-19 damage
g Right Right .

COVID-19 UDDEr middle Right Left upper | Left lower

affected % Igge lobe lower lobe lobe lobe
Subject 1 57.3% 1.4% -27.8% 20.9% -12.2% 17.7%
Subject 2 42.9% -23.8% -13.5% 21.8% 6.4% 9.0%
Subject 3 48.2% -5.8% -10.4% -10.9% 3.7% 23.5%
Subject 4 55.3% 4.4% -14.5% 13.4% -18.9% 15.6%
Average 50.9% -5.9% -16.6% 11.3% -5.3% 16.5%

Percentage change in lobar share of ventilation between healthy and COVID-19
simulations and relative COVID-19 damage per lobe can thus be compared to examine
how air is redistributed in COVID-19 lungs, as shown in Figure 6. This figure illustrates
the strong, nearly linear, negative dependence between relative COVID-19 lobar damage
and lobar share of ventilation change. The Pearson correlation coefficient of the
relationship was calculated in MATLAB R2019b (Mathworks Inc) as R = - 0.959 (fitting
parameter R? = 0.9205) with a p-value of 2.45 x 10" allowing rejection of the null
hypothesis a = 5% and indicating a significant, strongly negative, correlation. In other
words, more healthy lung lobes tended to increase their share of ventilation, while less
healthy lung lobes showed the tendency to decrease their ventilation share in our COVID-
19 simulation as compared to our healthy simulation.

For instance in Table 3, note that for Subject 2, the right upper lobe with 19% COVID-19
damage, and right middle lobe with 29% COVID-19 involved are far healthier when
compared to the average of 55% COVID-19 involvement for the other three lobes in this
lung. The ventilation in the two healthier lobes increased relative to the other three lobes
when the lung was subjected to COVID-19 (Table 2). This same trend of ventilatory
redistribution occurred for all but one lobe (the left upper lobe in Subject 1). A Pearson
correlation coefficient test was also completed for relative GGO damage and relative
consolidation damage. Lobar share change was moderately negatively correlated (R = -
0.750, p = 1.40 x 10*) with relative GGO damage and strongly negatively correlated (R
= -0.972, p = 9.54 x 103 with relative consolidation damage, suggesting that
consolidation severity had a larger effect on redistribution than GGOs, but both caused a
general decrease in the lobar share of ventilation.
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Figure 6: Relationship between lobar share of ventilation compared to the healthy case
and relative COVID-19 damage for each lobe in all four patients, with a linear trendline
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decrease their ventilation share in our COVID-19 simulation as compared to our healthy

simulation.

Finally, respiratory static compliance, defined as the tidal volume delivered divided by the
difference between PIP and PEEP, had an average value of 63.9 £ 8.6 mL/cmH20 in
healthy cases while the COVID-19 cases had an average of Crs = 55.1 + 8.2 mL/cmH20,
for a difference of -8.4 mL/cmH20 and a percent change of -13%. Depending on the
subject, this percent change varied between -11.5% and -14.6%. To analyze the
relationship between respiratory compliance and COVID-19 damage, pressure-volume
curves were created for each lung and each lobe with the mechanical ventilator pressure
output and tidal volume as variables. The P-V curves for Subject 1 are displayed in Figure
7, while the three sets of P-V curves for all other subjects can be found in the Appendix.
The COVID-19 P-V loop shifted downward and to the right, indicating a lower tidal volume
plateau. This is a signpost of decreased compliance, evidenced by the slope of each of
these P-V curves. However, in healthier lobes, the downward shift was not as drastic.
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Figure 7: P-V curves for entire lung and each lobe for Subject 1, from hypothetical
healthy and diseased lung MV simulations. The largest shifts in the P-V curve for the
COVID-19 case can be seen in the right lower and left lower lobes.

4. Discussion

There is a need for high-fidelity image-based models of COVID-19 lungs to better
understand and potentially improve MV outcomes. In this research, we developed a proof-
of-concept multi-scale image-based computational models of MV in COVID-19 patients
and compared the results to a hypothetical healthy lung subjected to MV for comparison
to demonstrate the potential of such image-based models in MV simualtion. Previously,
Morton et al. authored a series of innovative studies [12], [52]-[54] on virtual patient
models for the prediction of MV outputs. Similarly, Das et al. [11] proposed an in silico
model of COVID-19 ARDS with a focus on MV. These models are complex and powerful,
though they are not image-based, meaning they don’t explicitly account for the lung and
airway geometry and lobe-specific damage distribution in each patient. Image-based
computational models, such as the one presented in this study, are computationally more
expensive than the previously developed mathematical models, but nonetheless offer
immense potential to be used in future virtual patient and cohort simulations for
personalized treatment planning and MV protocol optimization [55]. Another drawback of
image-based models is that they rely on the segmentation of clinical images, which can
be labor-intensive. However, recent advances in automated CT segmentation using
machine learning presents a potential solution to the tedious task manual image
segmentation for model building.
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Our study relied on a set of 4D CT images obtained from four patients with severe COVID-
19 and exhibiting highly heterogenous damage distribution in the lung. The overall
regional distribution of COVID-19 damage from the segmentation of CT images examined
in this study agreed with previous studies. Within our cohort, the average COVID-19
damaged percentage (defined as the volume of COVID-19 affected region divided by total
lung volume) at end-inhalation was 44% * 16% in the right upper lobe, 33% + 4% in the
right middle lobe, 61% + 15% in the right lower lobe, 45% * 8% in the left upper lobe, and
66% = 9% in the left lower lobe. Comparatively large standard deviations may be due to
the small sample size of four in our study. In a screening of 120 chest CT scans of COVID-
19 patients, Ahmadi et al. [56] estimated that the frequency of lobe involvement was 83%
in the right upper, 70% in the right middle, 95% in the right lower, 80% in the left upper,
and 92% in the left lower, while Bernheim et al. [57] estimated a similar frequency
distribution (44%, 41%, 65%, 48%, and 63%, respectively) in a 121-patient cohort of CT
scans where only 41% of patients presented with both GGOs and consolidation. Likewise,
the literature supports the notion that COVID-19 damage occurs more frequently and with
increased severity within the lower lobes [49], [58], [59]. This is indeed what is seen in
our segmentation results, where the lower lobes were significantly more affected by GGO
and consolidation damage than the upper or middle lobes. Additionally, COVID-19
affliction of larger than 10% of lobe volume was present in all twenty lobes of the four
patients analyzed.

The COVID-19 lung simulations showed an overall reduction of 83.9 £ 9.0 mL in tidal
volume when compared to the healthy simulation case with identical MV input, as
anticipated based on the lower acinar compliance assigned to the COVID-19-infected
lungs [47]. However, the COVID-19 lung models exhibited an average Crs of 55.1 + 8.2
mL/cmH20, a more minor reduction than observed in clinical settings and approximately
8.8 mL/cmH20 less than the simulated healthy value of 63.9 + 8.6 mL/cmH20. Bain et al.
[60] calculated a Crs of 25-45 mL/cmH20, and Grasseli et al. [61] estimated the Crs to
be between 24-49 mL/cmH20 for mechanically ventilated CARDS, while other studies
estimate a Crs between 24-53 mL/cmH20 for typical ARDS [36], [62]-[66]. Patients
examined in these clinical MV settings are likely to have very severe COVID-19 damage
and thus low compliance within damaged acini [67], [68]. COVID-19 damage may also be
more widespread in severely ill patients' lungs. For instance, in a CT analysis of 21 severe
CARDS patients, the average “poorly aerated” or “nonaerated” portion of the lung
combined to approximately 70%, while the patients in our study only had an average
poorly-aerated or non-aerated lung volume of about 51% [69]. Furthermore, the degree
to which surfactant is reduced in COVID-19-infected acini has not been quantified, and
our assumptions of 20% and 60% reduction in surfactant may be an underestimation of
“severe” COVID-19 damage. Nevertheless, the results of this proof-of-concept study
show a general reduction of static compliance within all lobes, as expected for COVID-19
lungs.

An interesting result of this study is related to ventilation redistribution between lobes in
COVID-19-infected lungs under MV. Lobar share of ventilation was defined as the
percentage of total tidal volume distributed to each lobe. Comparing the percentage
change in lobar share of ventilation from healthy to COVID-19 simulation conditions
revealed noticeable heterogeneity: on average, the right middle lobe of each lung
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considerably increased its lobar share of ventilation in the COVID-19 simulation
scenarios. In contrast, each lung's left and right lower lobes substantially decreased in
the lobar share of ventilation in the COVID-19 simulation scenario. This indicates that the
model is capable of simulating a general redistribution of ventilation: airflow increased,
relatively, to the right middle lobes and declined in the lower lobes among the study’s
cohort. Thus, the simulation showed that, while subjected to MV, lobes of the lung less
damaged by COVID-19 could see a relative increase in ventilation. In contrast, lobes
more damaged by COVID-19 showed a relative reduction in ventilation (Figure 3). This
heterogeneous distribution of COVID-19 damage and ventilation redistribution may offer
new insights into the prevalence of ventilator-induced lung injury among COVID-19
patients. Particularly, healthy lung regions tend to have a higher propensity for expansion
compared to edematous and damaged regions undergoing fibrosis in ARDS and
CARDS- thus, MV may cause volutrauma in these more compliant healthy regions [70].
Note that in disease simulation scenario, tidal volumes in less damaged lobes never
exceeded the corresponding healthy simulation tidal volumes, so one may assume that
these lobes are not at risk of overdistention. While it may be true that this is unlikely to
lead to considerable volutrauma, it should be noted that these diseased lobes are not
healthy — they each have distinctly damaged portions — and cannot be treated as such.
Therefore, when ventilation is redistributed into relatively healthier lobes, the COVID-19-
damaged portions of these lobes may also be subjected to increased flow. This can cause
cyclic hyperinflation in these regions, and for less compliant (damaged) acini, localized
volutrauma may have a compounding effect [71]-[73]. This is consistent with a clinical
analysis by Cressoni et al. [74] that noted a substantial increase in mortality among ARDS
patients with more inhomogeneous lung damage. However, increased volumetric strain
is not the only cause of VILI; open alveoli surrounded by collapsed or fluid-filled alveoli
can act as stress concentrators that can also cause damage during MV [75]. The
increased heterogeneity of COVID-19 lung damage and ventilation, as demonstrated in
CT images and simulation results, may lead to VILI due to the higher stress concentration
imposed on the septal walls of neighboring healthier alveoli [75]. Moreover, as Perlman
et al. [76] noted, these septal stress gradients between open and collapsed regions can
increase the chance of VILI in lungs with highly heterogeneous damage, particularly if
they also exhibit reduced surfactant (such as our COVID-19 acinar model). However, our
model needs to be improved by incorporating a more realistic acinar geometry and inter-
acinar interactions [77] to be able to simulate the aforementioned stress concentrations.

While this study models MV in COVID-19 lungs in a partially patient-specific manner in
terms of the lobe and major airways geomtery, we also acknowledge our preliminary
study’s limitations. Even as the modeling workflow was demonstrated for four patients in
the MV trial, validating the simulation results for a larger cohort of patients would allow for
studying inter-subject variability of airflow. Additionally, all four patients analyzed here are
male; future studies should include patients of both sexes. Furthermore, three out of four
patients were classified as obese by BMI, and every patient was overweight. Obese
subjects typically have lower FRC, tidal volume, and chest wall and lung compliance. As
a result, they are not necessarily representative samples for modeling studies since data
from CT may differ for patients with a healthy BMI [78]. Collateral ventilation, airway
deformation [79], gas exchange [80], ventilation-perfusion modeling [81], realistic acinar
geometries and alveolar ducts [82], none of which are implemented in this study, can also
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affect the accuracy of the predicted airflow and pressure distributions and their
incorporation in future iterations of the model can improve the fidelity of human lung digital
twins [83]. Likewise, the lack of spirometry data and non-patient-specific chest wall
compliance did not allow for the implementation of patient-specific boundary conditions
and the direct validation of the model against 4DCT data [84]. Furthermore, a detailed
sensitivity analysis of the model parameters needs to be performed in future studies to
determine which parameters exert the most influence on the model’s outputs.

Although surfactant dysfunction accounted for acinar level damage in this study, other
forms of damage, such as diffuse alveolar wall damage, microangiopathy, edema, and
fibrosis, lead to altered lung mechanics in the COVID-19-affected lung [85]. Including
more detailed alveolar mechanics models and accounting for different types of damage
explicitly in the simulations could further elucidate the impact of the disease on global
lung function. Furthermore, our assumption of 20% reduced surfactant in GGOs, and 60%
reduced surfactant, based on values by Fujioka et al. [47] for generally lower acinar
compliance, is mainly arbitrary and may more accurately represent moderately damaged
COVID-19 lungs than severely damaged ones. It would be beneficial to simulate a more
advanced COVID-19 state in future studies, as it would be realistic for a patient with no
independent breathing function. It should also be noted that increasing the degree of
surfactant loss considerably increased the computational expense of our models due to
larger pressure gradients.

The potential to use the preliminary model presented in this study is not limited to analysis
of COVID-19 results, particularly if key study limitations can be overcome. For example,
with a larger cohort, this approach could be used to establish predictive patient modeling,
similar to that of Morton et al. [53] and the virtual trial of Ang et al. [86]. An image-based
predictive model could offer new and more detailed insights into lung dynamics compared
to data-driven predictive models. Another clinical application of the model would be in
surfactant loss estimation. With access to spirometry data for a patient, this model could
be run iteratively at different surfactant loss levels until results match the patient data,
which would allow an estimation of the degree of surfactant loss [87]. Additionally, with
increased computational power particularly using GPU-accelerated computing, many
steps in this study can be automated for near-real-time high-fidelity modeling to better
train medical students and inform clinicians. Finally, machine learning (ML) algorithms
have recently gained traction as a powerful tool in MV interventions as reviewed recently
by Baidillah et al. [88]. The combination of ML and computational image-based models
may eventually make it possible to perform real-time patient-specific simulations and
optimization of MV. As computer models accelerated by ML algorithms become more
ubiquitous in simulation and optimization of MV, verification, validation and assessing the
overall credibility of these models also takes front stage and needs increased attention
[89], [90].

In conclusion, COVID-19 has caused worldwide death and disability since 2019 and
continues to do so. Patients critically ill with severe COVID-19 are often treated with MV,
which carries a risk of VILI. By investigating lung dynamics during MV for individual lobes,
differences in lung geometry and mechanical behavior can be used to inform personalized
MV treatment methods in the future. Therefore, this study presents a proof-of-concept
modeling workflow to simulate the effect of heterogenous COVID-19-induced lung
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damage on MV dynamics in a geometrically patient-specific manner. Hence, this
modeling study lays the foundation for more complex patient-specific investigations of MV
in COVID-19 patients and individualized treatment strategies.
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