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Airway obstruction is the second leading cause of potentially survivable death 
on the battlefield. Managing airway obstruction resulting from severe traumatic 
injuries to the head and neck, which can distort the airway anatomy, poses 
significant challenges to combat medics. The medic’s ability to make quick and 
effective interventions to secure the airway in austere, tactical environments 
is also highly dependent on their training and experience as well as the 
availability of advanced medical equipment. Artificial intelligence (AI) algorithms 
can help augment the competency and capability of medics to care for combat 
casualties by enhancing their training, assessing their skills, and helping identify 
the most appropriate medical interventions in real time that are likely to 
result in desired clinical outcomes. However, the training and assessment of 
AI algorithms require massive amounts of real-world, vital-sign data. Because 
such data are not currently available for casualties with airway obstruction, an 
alternative approach is to rely on relevant synthetic data generated by high-
fidelity computational physiological models. Here, by adding new respiratory 
control and respiratory mechanics components, we extended our previously 
developed and validated human cardio-respiratory (CR) model for representing 
hemorrhagic injury to account for the physiological effects of airway obstruction 
on vital signs. We calibrated and validated the extended CR model using data 
from six human studies and two pig studies, which reported vital-sign changes 
in response to airway obstruction, changes in arterial oxygen (O2) and carbon 
dioxide (CO2) pressure, changes in the fraction of inspired O2 and CO2, and 
hemorrhage followed by ventilation changes. On average, the extended CR 
model achieved good prediction accuracy, with root mean square errors of 
1.3 L/min for minute ventilation, 1.6 breaths/min for respiratory rate, 4.5% for 
oxygen saturation, 3.5 mmHg for end-tidal CO2, 11.6 mmHg for systolic blood 
pressure, 7.8 mmHg for mean arterial pressure, and 9.8 beats/min for heart rate. 
With this enhancement, the extended CR model can now be used to generate 
realistic synthetic trauma datasets for the two leading causes of potentially 
survivable battlefield deaths, hemorrhagic injury and airway obstruction, and 
help develop AI decision-support tools for combat medics.
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1 Introduction

Battlefield injuries involving penetrating head and neck 
trauma are becoming increasingly common in current conflicts 
involving Israeli and Ukrainian forces, with such injury patterns 
accounting for up to 25% of combat casualties (Lurin et al., 2025; 
Prysiazhniuk et al., 2025; Tsur et al., 2025). These injuries often 
result in airway obstruction and massive hemorrhage, with the 
former usually attributed as the primary cause of death (Breeze 
and Bryant, 2009; Gibbons and Breeze, 2011; Krausz et al., 2015). 
In previous conflicts, hemorrhage and airway obstruction together 
accounted for 99% of the potentially survivable battlefield deaths 
(Eastridge et al., 2012; Eastridge et al., 2019). Of note, when they 
occur simultaneously, the U.S. Department of Defense (DoD) 
Tactical Combat Casualty Care guidelines recommend treating 
airway obstruction first, before hemorrhage (except in cases of 
massive blood loss) (Deaton et al., 2021). The diagnosis and 
emergency treatment of airway obstruction are further complicated 
by concomitant injuries to the cervical arteries and veins, and failed 
attempts to perform cricothyroidotomy in the field can increase the 
risk of recurrent hemorrhage (Mabry et al., 2010; Eastridge et al., 
2012). While advances in medical equipment, such as the 
extraglottic device to treat airway obstruction on the battlefield, can 
improve clinical outcomes (Hessert and Bennett, 2013; April et al., 
2023), it is unlikely that such equipment will be available in future 
large-scale combat operations (LSCO) against near-peer adversaries, 
because medical assets will be limited and required to be in near-
constant motion (Epstein et al., 2023; United States Army Medical 
Center of Excellence Lessons Learned Branch, 2025). Under such 
conditions, enhancing the competency and capability of medics, 
including the ability to identify appropriate interventions and 
perform complex medical procedures, could considerably impact 
the clinical outcome of combat casualties.

Recent advances in artificial intelligence (AI) and machine 
learning (ML) offer promising technological solutions to augment 
the competency of combat medics in resource-constrained 
environments with compromised reach-back capabilities. AI- and 
ML-based decision-support systems have been proposed to help 
monitor vital signs of trauma casualties, detect their deterioration, 
and recommend interventions at or near the point of injury (Jin et al., 
2017; Jin et al., 2018; Fernandes et al., 2020; Dolan et al., 2021; 
Maurer et al., 2021; Peng et al., 2023; Stallings et al., 2023; Jin et al., 
2024). However, the training and assessment of AI algorithms for 
combat casualty care, especially for complex injuries involving 
both hemorrhage and airway obstruction, face substantial data 
limitations. First, it is not practical to collect sufficiently large 
datasets from humans for these injuries. Moreover, large-animal 

Abbreviations: AI, Artificial intelligence; CO, Cardiac output; CR, Cardio-
respiratory; DBP, Diastolic blood pressure; DoD, Department of Defense; 
ETCO2, End-tidal carbon dioxide; Fao, Fraction of airway obstruction; FiCO2, 
Fraction of inspired carbon dioxide; FiO2, Fraction of inspired oxygen; HR, 
Heart rate; Lao, Location of airway obstruction; LSCO, Large-scale combat 
operations; MAP, Mean arterial pressure; ML, Machine learning; MV, Minute 
ventilation; ODE, Ordinary differential equation; PaCO2, Arterial carbon 
dioxide pressure; PaO2, Arterial oxygen pressure; Pmus, Respiratory muscle 
pressure; RMSE, Root mean square error; RR, Respiratory rate; SBP, Systolic 
blood pressure; SEM, Standard error of the mean; SpO2, Oxygen saturation; 
TV, Tidal volume.

injury models, which may not fully replicate human responses to 
complex polytrauma, are also limited due to their small sample 
sizes (Sondeen et al., 2011; Ross et al., 2014; Ziebart et al., 2015; 
Gerling et al., 2023). Importantly, clinical or experimental studies 
that capture vital-sign changes when airway obstruction and 
hemorrhage occur simultaneously are not currently available. 
To overcome these challenges, synthetic trauma data generated 
by validated physiological computational models can serve as 
an effective alternative. Using computational models, we can 
simulate hundreds of virtual humans and test numerous injury 
and intervention scenarios to identify optimal treatment strategies 
without the ethical and practical constraints associated with 
obtaining sufficient real-world data (Jin et al., 2024). We can then 
use these diverse datasets for training and assessing AI algorithms.

Over the past 2 decades, computational models of the 
cardiovascular and respiratory systems have been developed to 
simulate changes in vital signs resulting from hemorrhagic injury 
and respiratory perturbations (Chiari et al., 1997; Albanese et al., 
2016; Bighamian et al., 2017; Bray et al., 2019). Most small to 
medium-sized models (with the number of parameters on the order 
of 10–100) often omit key physiological components, such as airway 
mechanics or interstitial fluid compartments, limiting their ability 
to simulate the effect of airway obstruction or hemorrhage on 
the cardiovascular and respiratory responses (Chiari et al., 1997; 
Fink et al., 2004; Longobardo et al., 2008; Ellwein et al., 2013; 
Albanese et al., 2016; Cheng et al., 2016; Karavaev et al., 2016; 
Trenhago et al., 2016; Bighamian et al., 2017). In contrast, some 
of the large models, which include thousands of parameters and 
simulate intertwined interactions across multiple organ systems, are 
too complex to calibrate and to be seamlessly integrated into AI and 
ML algorithms (Hester et al., 2011; Bray et al., 2019). Importantly, 
none of the existing models has been quantitatively validated against 
experimental data involving airway obstruction.

Recently, our U.S. DoD team developed and validated a 
human physiological model [the cardio-respiratory (CR) model] 
to capture the essential cardiovascular and respiratory responses 
to hemorrhage, fluid resuscitation, and ketamine administration 
(Jin et al., 2023; Kurian et al., 2025). We validated the CR model 
using both human and animal data and demonstrated its ability 
to predict the temporal dynamics of vital signs, including oxygen 
saturation (SpO2), end-tidal carbon dioxide (ETCO2), mean arterial 
pressure (MAP), heart rate (HR), and cardiac output (CO), to reflect 
hemorrhagic injury, fluid resuscitation, and administration of pain 
medication. In addition, we utilized this model to generate synthetic 
data for developing AI algorithms to optimize fluid-resuscitation 
strategies (Jin et al., 2024).

In this study, we extended the CR model to incorporate 
the physiological effects of airway obstruction on vital signs, 
including systolic blood pressure (SBP), diastolic blood pressure 
(DBP), minute ventilation (MV), and respiratory rate (RR), in 
addition to those mentioned above. Specifically, we first integrated 
new components representing respiratory control and respiratory 
mechanics within the original CR model. We then calibrated and 
validated the extended model using data from six human studies and 
two animal studies involving 1) changes in arterial oxygen (PaO2) 
and carbon dioxide pressures (PaCO2), 2) changes in fractions 
of inspired oxygen (FiO2) and carbon dioxide (FiCO2), 3) airway 
obstruction, and 4) hemorrhage followed by ventilation changes. We 
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FIGURE 1
Schematic showing the extended cardio-respiratory (CR) model, with the shaded boxes indicating the model extensions. CO, cardiac output; DBP, 
diastolic blood pressure; ETCO2, end-tidal carbon dioxide; Fao, fraction of airway obstruction; FiCO2, fraction of inspired carbon dioxide; FiO2, fraction 
of inspired oxygen; HR, heart rate; Lao, location of airway obstruction; MAP, mean arterial pressure; MV, minute ventilation; PaCO2, arterial carbon 
dioxide pressure; Pao, airway opening pressure; PaO2, arterial oxygen pressure; Pmus, respiratory muscle pressure; RR, respiratory rate; SBP, systolic 
blood pressure; SpO2, oxygen saturation.

hypothesized that, in addition to hemorrhagic injuries, the extended 
CR model will allow us to reliably predict changes in vital signs 
resulting from airway obstruction. 

2 Materials and methods

2.1 Computational model

We previously developed the CR model, which captures 
the vital-sign responses to hemorrhage, fluid resuscitation, and 
ketamine administration (Jin et al., 2023; Kurian et al., 2025). The 
CR model represents the cardiovascular and respiratory systems, 
along with their regulatory mechanisms, using a set of 122 ordinary 
differential and algebraic equations and 143 parameters. Here, we 
extended the model to account for the effects of airway obstruction 
on the vital signs, including SpO2, ETCO2, SBP, MAP, DBP, HR, 
MV, RR, and CO. To this end, we added two new modules 
to the CR model: the respiratory control component and the 
respiratory mechanics component (Figure 1, shaded boxes). Given 
PaO2 and PaCO2, the respiratory control component determines 
the resulting RR and the respiratory muscle pressure (Pmus). 
The Pmus, the airway opening pressure (Pao), and the fraction 
(Fao) and location of airway obstruction (Lao) serve as inputs to 
the respiratory mechanics component, which then computes the 
resulting MV. For a detailed description and implementation of the 
original CR model formulation, we refer the reader to Jin et al. 
(2023) and Kurian et al. (2025).

2.1.1 Respiratory control component
Central chemoreceptors located in the brainstem and peripheral 

chemoreceptors located in the carotid and aortic arteries play a 
crucial role in respiration control. These chemoreceptors detect 
changes in PaO2 and PaCO2 and respond by regulating the RR 
and MV (Gourine, 2005). We used the model developed by 
Albanese et al. to describe the effects of PaO2 and PaCO2 on 
RR and Pmus (Figure 2A) (Albanese et al., 2016). Because the 
central chemoreceptors primarily respond to changes in PaCO2, 

in Equations 1, 2 we described their effects on RR and the 
minimum respiratory muscle pressure (Pmus,min) by the difference 
between the current PaCO2 and its nominal value (PaCO2n),
as follows:

Δ ̇RRc + (τcR×ΔRRc) = GcR × (PaCO2 −PaCO2n) (1)

ΔṖmus,minc + (τcP×ΔPmus,minc) = GcP × (PaCO2 −PaCO2n) (2)

where ΔRRc and ΔPmus,minc represent changes in RR and Pmus,min, 
respectively, caused by the central chemoreceptors, τcR and τcP
denote time constants, and GcR and GcP represent gain factors. The 
subscript c denotes central chemoreceptors, R represents RR, and P 
represents Pmus,min. The dot “⋅” represents the rate of change of the 
corresponding variable.

The peripheral chemoreceptors respond to changes in both PaO2
and PaCO2 (Albanese et al., 2016). In their model, Albanese et al. 
used a set of 14 equations to compute the activity of peripheral 
chemoreceptors (fac) as a function of PaO2 and PaCO2. However, 
the CR model already includes equations to compute fac, which are 
similar to those reported by Albanese et al. Therefore, we directly 
used the fac values computed in the original CR model to quantify 
the effects of peripheral chemoreceptors on RR and Pmus,min based 
on the difference between the current fac and its nominal value (facn), 
as follows in Equations 3, 4:

Δ ̇RRp + (τpR×ΔRRp) = GpR × (fac− facn) (3)

ΔṖmus,minp + (τpP×ΔPmus,minp) = GpP × (fac− facn) (4)

where ΔRRp and ΔPmus,minp represent changes in RR and Pmus,min, 
respectively, caused by the peripheral chemoreceptors, τpR and τpP
denote time constants, and GpR and GpP represent gain factors. The 
subscript p denotes peripheral chemoreceptors, R represents RR, 
and P represents Pmus,min. The dot “⋅” represents the rate of change 
of the corresponding variable.

To compute the final value for RR and Pmus,min, in Equations 
5, 6 below, we added their initial values (RRo and Pmus, mino, 
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FIGURE 2
(A) Structure of the respiratory control component, which represents the effects of the central and peripheral chemoreceptors on the respiratory 
muscle pressure (Pmus). (B) Structure of the respiratory mechanics component, which models the airflow dynamics through the mouth, larynx, trachea, 
bronchi, left lung, right lung, and chest wall. Ccw, compliance of the chest wall; Cll, compliance of the left lung; CR, cardio-respiratory; Crl, compliance 
of the right lung; Δ, delta; fac, activity of peripheral chemoreceptors; facn, nominal activity of peripheral chemoreceptors; MV, minute ventilation; ODE, 
ordinary differential equation; PaCO2, arterial carbon dioxide pressure; PaCO2n, nominal value of the arterial carbon dioxide pressure; Pao, airway 
opening pressure; PaO2, arterial oxygen pressure; Pb, bronchial pressure; Pll, pressure of the left lung; Pmus,min, minimum respiratory muscle pressure; 
ΔPmus,minc and ΔPmus,minp, changes in Pmus,min caused by central and peripheral chemoreceptors, respectively; Ppl, pleural pressure; Prl, pressure of the 
right lung; Rbll, resistance from the bronchi to the left lung; Rbrl, resistance from the bronchi to the right lung; Rlt, resistance from the larynx to the 
trachea; Rml, resistance from the mouth to the larynx; RR, respiratory rate; ΔRRc and ΔRRp, changes in RR caused by central and peripheral 
chemoreceptors, respectively; Rtb, resistance from the trachea to the bronchi.

respectively) to the changes induced in them by the central and 
peripheral chemoreceptors computed in Equations 3, 4 above,
as follows:

RR = RRo+ΔRRc +ΔRRp (5)

Pmus,min= Pmus,mino+ΔPmus,minc +ΔPmus,minp (6)

Finally, at the start of each respiratory cycle, we generated a 
time-varying profile of Pmus over a single cycle (including both 
inspiration and expiration) based on the current values of RR and 
Pmus,min, using a piecewise continuous function, as described in 
Albanese et al. (2016). We estimated the duration of each respiratory 
cycle (T) as 1/RR and the inspiration time (Ti) as 0.375T. During 

inspiration (0 to Ti), Pmus decreased from 0 to Pmus,min, which we 
characterized by a parabolic function. During expiration (Ti to T), 
Pmus increased back to its initial value, which we characterized by 
an exponential function. Equation 7 shows the entire Pmus profile,
as follows:

Pmus(t) =
{
{
{

(4Pmus,min ×RR× t) − (4Pmus,min×RR2 × t2) t ∈ [0,Ti )

[(e(3−8RR×t) − e−5)/(1 − e−5)] ×Pmus,min t ∈ (Ti,T]
(7)

We used the Pmus profile as one of the inputs 
to the respiratory mechanics component. Please see 
Supplementary Table S1 in the Supplementary Material for a list 
of all parameter values and their definitions. 
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2.1.2 Respiratory mechanics component
To represent the respiratory mechanics component, we adapted 

the model developed by Albanese et al. (2016), with Pmus, Pao, Fao, 
and Lao serving as inputs to predict MV as the output (Figure 1). 
In particular, we used their equations and parameter values with 
three modifications. First, the original model did not specifically 
account for airway obstruction. To incorporate this injury, we added 
an equation representing obstructions at three locations involving 
both the upper and lower airways: from the mouth to the larynx 
(mL), from the larynx to the trachea (lt), and from the trachea 
to the bronchi (tb) (Figure 2B). Following Poiseuille’s law, which 
relates airway resistance to the cross-sectional area of the airway, 
in Equation 8 we modeled different obstruction levels by increasing 
airway resistance Ri, with i = ml, lt, or tb as follows (Mecklenburgh 
and Mapleson, 1998):

Ri =
Rio

(1 − Fao)
2 (8)

where Rio denotes the nominal value of Ri.
Second, in their original model, Albanese et al. defined 

individual compliance values for the larynx, trachea, bronchi, lungs, 
and chest wall. However, we found that the compliance for the 
larynx, trachea, and bronchi contributed negligibly to the overall 
respiratory mechanics. Therefore, in the modified mass-balance 
Equations 9−12, we only considered the individual compliances for 
the lungs and chest wall. Third, their model represented the lungs as 
a single compartment. We modified this formulation by representing 
the left lung and the right lung as two separate compartments. This 
modification was necessary to simulate unilateral lung injuries, such 
as lung collapse. To this end, we assumed that the lung compliance 
was proportional to the lung volume (Benito et al., 1985), and that 
lung resistance was inversely proportional to lung volume (Lutfi, 
2017). Given that the left and right lungs account for approximately 
45% and 55%, respectively, of the total lung volume, we applied the 
same ratio to calculate the corresponding parameters (Szpinda et al., 
2014). Specifically, we defined the unstressed volumes of the left 
lung (Vllu) and right lung (Vrlu) and their compliances (Cll and 
Crl) to be 45% and 55%, respectively, of the total lung volume 
and compliance reported in their model. In addition, we defined 
the resistances from the bronchi to the left lung (Rbll) and to the 
right lung (Rbrl) as 222% and 181%, respectively, of the resistance 
from the bronchi to the lungs provided in their model. Finally, we 
duplicated the original mass-balance and volume-change equations 
for each lung, resulting in Equations 11−14. Based on the second 
and third modifications, we revised the airflow-dynamics equations 
by enforcing mass balances of air across all the elements in the 
respiratory mechanics component, as follows:

Pao −Pb

Rml +Rlt +Rtb
= (Ṗpl − Ṗmus) ×Ccw (9)

Pao −Pb

Rml +Rlt +Ptb
=

Pb −Pll

Pbll
+

Pb −Prl

Pbrl
(10)

Pb −Pll

Pbll
= (Ṗll − Ṗpl) ×Cll (11)

Pb −Prl

Pbrl
= (Ṗrl − Ṗpl) ×Crl (12)

where Pb and Ppl represent the bronchial pressure and pleural 
pressure, respectively, Ccw denotes the compliance of the chest 

wall, Pll and Prl denote the pressures of left and right lungs, 
respectively, and the dot “⋅” represents the rate of change of the 
corresponding variable.

Next, based on the pressures and compliances of the left and the 
right lung, we computed their corresponding volumes Vll and Vrl, 
respectively, as follows:

Vll = [Cll × (Pll −Ppl)] +Vllu (13)

Vrl = [Crl × (Prl −Ppl)] +Prlu (14)

We then added these two volumes together to obtain the total 
lung volume (Vl) in Equation 15, as follows:

Vl = Vll +Vrl (15)

Finally, at the start of each respiratory cycle, we computed the 
tidal volume (TV) as the difference between the maximum and 
minimum Vl of the previous respiratory cycle. We then computed 
MV as the product of TV and RR. 

2.1.3 Initialization of the extended CR model
Overall, we added 15 new equations and 20 new parameters 

to the original CR model. The extended CR model consisted of 
137 ordinary differential and algebraic equations and 163 associated 
parameters (Supplementary Table S1). The model inputs included 
hemorrhage or resuscitation rates, fluid type, time and dose of 
ketamine administration, FiO2, FiCO2, Pao, Fao, and Lao. The model 
outputs consisted of SpO2, ETCO2, SBP, MAP, DBP, HR, MV, 
RR, and CO. Before using the extended CR model to perform 
a simulation, we must first initialize the inputs to the various 
model components until they reach a steady state. We started 
this process by setting the inputs of the original CR model to 
their nominal values (i.e., FiO2 = 21%, FiCO2 = 0%, and MV 
= 6.6 L/min) and setting hemorrhage, fluid resuscitation, and 
ketamine administration rates to zero (Figure 1). We then provided 
its outputs (i.e., PaO2 and PaCO2) as inputs to the newly added 
respiratory control component to predict RR and Pmus. Next, we 
set Pao to zero to represent the atmospheric pressure and Fao to 
zero to indicate no airway obstruction. These values, together with 
the predicted Pmus, were provided to the respiratory mechanics 
component to predict the MV. Using this updated value for MV, we 
repeated this process until all outputs of the extended CR model 
(original CR model plus the two respiratory components) reached 
a steady state, which took ∼1 s of clock time after initialization.

We solved the model equations using Euler’s method with a 
time step of 4.17 × 10−4 min (Griffiths and Higham, 2010). We 
performed all simulations using MATLAB 2024b on a desktop 
computer equipped with an Intel Core i7-14700 processor without 
a dedicated graphics card. We did not apply any optimization for 
the central processing units or graphics processing units. However, 
to improve computational speed, we compiled the MATLAB code 
into a MATLAB executable file. Using this platform, we simulated 
multiple experimental scenarios. In general, a simulation of an 
experimental scenario spanning 1 h (which corresponds to 720 
breaths at 12 breaths/min) required ∼1 s of clock time. 
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2.2 Model calibration and validation

We calibrated and validated the extended CR model using 
the eight experimental studies summarized in Table 1 (Weil et al., 
1970; Kronenberg et al., 1972; Reynolds et al., 1972; Reynolds 
and Milhorn, 1973; Hampson et al., 1990; Dorrington et al., 
1997; Blackburn et al., 2019; Blackburn et al., 2021). We selected 
these studies because their protocols involved a wide range of 
physiological scenarios, and they reported vital signs predicted by 
the CR model. Specifically, the physiological scenarios include the 
following: 1) PaO2 and PaCO2 changes in humans [Studies 1–3
(Weil et al., 1970; Kronenberg et al., 1972; Hampson et al., 1990)], 
2) FiO2 and FiCO2 changes in humans [Studies 4–6 (Reynolds et al., 
1972; Reynolds and Milhorn, 1973; Dorrington et al., 1997)], 3) 
airway obstruction in pigs [Study 7 (Blackburn et al., 2019)], 
and 4) hemorrhage followed by ventilation changes in pigs 
[Study 8 (Blackburn et al., 2021)].

From the eight studies, we used Study 1 to calibrate the newly 
added respiratory (control and mechanics) components and Studies 
2 and 3 to validate their predictions. Studies 1–3 reported changes 
in model outputs (MV and RR) in response to varying levels of 
model inputs (PaO2 and PaCO2). We specifically selected Study 1 to 
calibrate the respiratory components because this study covered the 
largest variation of the inputs to the model. Finally, we used Studies 
4–8 to validate the full, extended CR model in Figure 1. We refer the 
reader to the original articles for additional information (Weil et al., 
1970; Kronenberg et al., 1972; Reynolds et al., 1972; Reynolds 
and Milhorn, 1973; Hampson et al., 1990; Dorrington et al., 1997; 
Blackburn et al., 2019; Blackburn et al., 2021). 

2.2.1 Calibration of the respiratory-control and 
respiratory-mechanics components

To ensure that the extended CR model accurately captured 
the vital-sign responses to ventilation perturbations, we calibrated 
eight of the 20 parameters in the respiratory control and mechanics 
components, including four time constants (τcR, τcP, τpR, and 
τpP) and four gain factors (GcR, GcP, GpR, and GpP), associated 
with the central and peripheral chemoreceptors in Equations 1−4. 
These are the same parameters that Albanese et al. calibrated 
when they integrated these respiratory components with their own 
cardio-respiratory model (Albanese et al., 2016). For the remaining 
parameters, we kept their original values.

To perform the calibration, we used the MV data reported 
in Study 1, where four human subjects were exposed to a 
wide range of PaO2 change (36–141 mmHg) and PaCO2 change 
(30–42 mmHg) (Table 1). We first defined the feasible ranges for 
the eight parameters as 0.5-fold to 2-fold of their nominal values, 
as reported by Albanese et al. Next, we employed Latin Hypercube 
Sampling to generate 10,000 unique parameter sets, where the 
values of the eight parameters were randomly selected within their 
specified ranges (Helton and Davis, 2003). Using each parameter set, 
we simulated each of the four subjects resulting in a total of 40,000 
simulations. Because the MV values at baseline varied between the 
different experiments as well as between the model simulations, we 
normalized the predicted MV by multiplying it by the ratio of its 
baseline experimental value to its baseline simulated value. Next, for 
every simulation, we calculated the root mean square error (RMSE) 
between the experimental and normalized predicted MV. To identify 

the parameter values for calibration, we selected the parameter set 
for which the sum of the RMSEs across the four subjects was the 
smallest. We defined this final set of parameter values as the model’s 
“nominal parameter set.” 

2.2.2 Validation of the respiratory control and 
mechanics components

To validate the two newly added components, we compared 
the MV predictions with experimental data from Studies 2 and 
3 (Table 1), which involved human subjects challenged with changes 
in PaO2 (29–100 mmHg) and PaCO2 (27–48 mmHg). To replicate 
the scenarios in these studies, we used the measured values of PaO2
and PaCO2 as inputs to the respiratory control component and 
recorded the predicted values of MV and RR. As in the calibration 
procedure, we normalized these predictions and compared them 
with the corresponding experimental data, using two metrics: the 
RMSE between the normalized predictions and the measured data 
and the percentage of the normalized predictions that fell within 
two standard errors of the mean (SEM) of the experimental data. 
The latter metric allows us to estimate the extent to which the 
model predictions were indistinguishable from the mean of the 
experimental data. 

2.2.3 Validation of the extended CR model
We validated the extended CR model (after the integration 

of the respiratory control and mechanics components) by 
comparing its predictions with experimental data from five 
existing studies (Studies 4–8 in Table 1). Studies 4–6 reported 
the effects of changes in FiO2 (9%–21%) and FiCO2 (0%–3%) 
on six physiological responses (SpO2, ETCO2, SBP, HR, MV, 
and RR) in human subjects (Reynolds et al., 1972; Reynolds and 
Milhorn, 1973; Dorrington et al., 1997). To replicate these scenarios 
in silico, we used the measured values of FiO2 and FiCO2 as inputs 
to the extended CR model and recorded the predicted values of the 
six outputs. Then, we normalized the model predictions, compared 
them with the corresponding experimental data, and assessed the 
comparison by computing the same two metrics discussed above, 
i.e., the RMSE and the percentage of the normalized predictions that 
fell within 2 SEM of the experimental data.

Study 7 involved ventilated pigs subjected to both slow 
and rapid airway-obstruction protocols, which were implemented 
by gradually tightening a large thoracic hemostatic clamp on 
the ventilation tube. In the slow protocol, the animals were 
challenged with 25%, 50%, and 75% obstructions, each maintained 
for approximately 8 min, followed by 3 min of complete (100%) 
obstruction (Blackburn et al., 2019). In the rapid protocol, the 
animals were only challenged with a 100% obstruction for 3 min. 
This study was conducted at the U.S. Army Institute of Surgical 
Research in Fort Sam Houston, Texas, for which we had access 
to the measured raw time-series data for four vital signs (SpO2, 
ETCO2, SBP, and HR) for each individual pig. We processed 
the raw data by applying an ℓ1 trend filter with a regularization 
parameter of 50 (Kim et al., 2009). To replicate the airway-
obstruction scenario in silico, we used the measured Fao at the 
airway segment from the mouth to the larynx as the input to the 
extended CR model and recorded the model predictions for the four 
vital signs. To validate the model for the 0%, 25%, 50%, and 75% 
obstruction phases, we compared the normalized model predictions 
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for the four vital signs with the corresponding experimental data at 
the end of each obstruction level and computed the same two metrics 
described above. However, for the 100% obstruction phase, because 
the vital signs changed very rapidly, we defined a 3-min window 
around the reported release time (from 2 min pre-obstruction to 
1 min post-obstruction) and extracted the vital-sign values that 
exhibited the largest deviation from their corresponding baseline 
values to represent the response of the 100% obstruction. We used 
these values to validate the model predictions.

Study 8 involved 50 pigs divided into five groups, with each 
group subjected to a controlled 25% blood loss by volume over 
20 min, followed by one of five ventilation scenarios for 60 min: 1) 
spontaneous ventilation (∼4.0 L/min), 2) 4.8 L/min MV by Ambu 
bag, 3) 9.0 L/min MV by Ambu bag, 4) 15.0 L/min MV by Ambu 
bag, or 5) 4.1 L/min MV with 30% FiO2 using a mechanical 
ventilator (Blackburn et al., 2021). After the controlled-ventilation 
phase, all animals were returned to spontaneous ventilation for an 
additional 10 min. To replicate these experimental scenarios in silico, 
we provided three inputs to the extended CR model: hemorrhage 
rate, FiO2, and Pao. During spontaneous ventilation, we set Pao
to zero to represent the atmospheric pressure. However, because 
the experimental study did not report the values of Pao during 
the controlled-ventilation phase, we adjusted it to ensure that the 
MV predicted by the respiratory mechanics component of the CR 
model matched the measured MV values used in each of the five 
groups. Because our model represents human physiology while 
the experiments were performed on pigs, we normalized both the 
hemorrhage rate and MV inputs. Specifically, we converted the 25% 
blood-volume loss in pigs to a human-equivalent hemorrhage by 
multiplying this percentage by the estimated blood volume of a 70-
kg adult (5 L), as previously described (Jin et al., 2023). Next, to 
obtain human-equivalent MV values, we scaled the reported MV 
by the ratio of 70 kg to the average pig body weight in the study 
(45 kg). Finally, to validate the model, we compared the normalized 
predicted values of ETCO2, MAP, and HR across the five groups with 
their corresponding experimentally measured values and computed 
the same two metrics discussed above for these three vital signs (the 
outputs of the CR model). 

2.3 Sensitivity analysis

To identify the CR model parameters that influenced model 
outputs the most during airway obstruction, we performed a local 
sensitivity analysis (Mitrophanov et al., 2007). In total, we analyzed 
327 simulations. First, using the nominal parameter values, we 
simulated the slow airway obstruction protocol described in Study 7, 
which involved a progressive airway obstruction in pigs, including 
0%, 25%, 50%, 75%, and 100%. Next, we perturbed each of the 163 
parameters, one at a time, by +10% and by −10% of their nominal 
values and repeated the same simulation 326 times. We calculated 
the local sensitivities of the model’s ith output to changes in the 
model’s jth parameter (of 163 parameters), Sij(t), at timepoint t, as 
follows in Equation 16:

Sij(t) =
[yij+(t) − yij‐(t)]

0.2× yi0(t)
(16)

where y(t) denotes the model’s output. The subscripts “+” and 
“–” denote the outputs computed when a given parameter value 
was increased and decreased, respectively, by 10% of its nominal 
value. The subscript “0” denotes the output computed using the 
nominal parameter values. Then, at the end of each simulation, 
we analyzed the sensitivities of six key outputs, including the four 
vital signs reported in Study 7 (SpO2, ETCO2, SBP, and HR) and 
two intermediate outputs of the respiratory components (MV and 
RR), to changes in each of the 163 parameters at five distinct 
simulation timepoints, i.e., at the end of 0% (baseline), 25%, 50%, 
75%, and 100% obstructions. For each of the six outputs, we ranked 
the absolute values of the 163 sensitivities in descending order to 
identify the two most sensitive parameters. 

3 Results

3.1 Calibration of the respiratory control 
and mechanics components

We calibrated eight parameters of the respiratory control and 
mechanics components, including the time constants (τcR, τcP, τpR, 
and τpP) and gain factors (GcR, GcP, GpR, and GpP) of the central 
and peripheral chemoreceptors, using data from Study 1, which 
reported MV responses of four human subjects to changes in PaO2
(36–141 mmHg; Figure 3A, solid lines) and PaCO2 (30–42 mmHg; 
Figure 3A, dashed lines). Figures 3B–E show the calibrated model 
results for MV (solid lines) and the corresponding experimentally 
measured data (filled circles) for each of the four subjects. For 
Subjects 1–3, the model captured the overall trends and showed 
reasonable agreement with the measurements (Figures 3B–D), with 
RMSEs for these three subjects ranging between 2.5 and 4.0 L/min 
(Table 2). For Subject 4, the model overestimated MV (Figure 3E), 
resulting in a considerably higher RMSE of 8.9 L/min (Table 2).

3.2 Validation of the respiratory control 
and mechanics components

To validate the two respiratory components, we compared 
the predicted changes in MV and RR with the corresponding 
experimental measurements from Studies 2 and 3. Study 2 reported 
changes in MV in response to increases in PaCO2 (ranging from 
40 to 48 mmHg) for a constant PaO2 of 40 mmHg. Figure 4A 
shows the model predictions of MV after reaching a steady state 
following each increment of PaCO2 (from 40 to 42, 44, 46, 
and 48 mmHg; solid bars) and the corresponding experimental 
measurements (open bars). While the model tended to underpredict 
the experimental data, it yielded an RMSE of 13.9 L/min, with 100% 
of the predicted values falling within 2 SEM of the experimental data 
(Figure 4A; Table 2).

Study 3 reported changes in MV and RR in response to 
decreases in both PaO2 (from 100 to 29 mmHg; Figure 4B, 
solid line) and PaCO2 (from 40 to 27 mmHg; Figure 4B, dashed 
line). Figures 4C,D show the model predictions (solid lines) for 
MV and RR, respectively, and the corresponding experimental 
measurements (filled circles). The predictions for MV showed 
reasonable agreement with the experimental data, with an RMSE of 
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FIGURE 3
Input profile and model calibration results using the experimental data from Study 1. (A) Arterial oxygen pressure (PaO2, solid lines) and arterial carbon 
dioxide pressure (PaCO2, dashed lines) for four subjects. (B–E) Experimental (filled circles) and calibration results (solid lines) for minute ventilation (MV) 
for each of the four subjects in Study 1. RMSE: root mean square error.
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TABLE 2  Root mean square error (RMSE) between the normalized model predictions and the measured experimental data and percentage of the 
normalized model predictions that fell within two standard errors of the mean of the experimental data for each of the eight studies.

Study No. MV RR SpO2 ETCO2 MAP or SBP HR

RMSE 
(L/min)

% RMSE 
(breaths/

min)

% RMSE
(%)

% RMSE 
(mmHg)

% RMSE 
(mmHg)

% RMSE 
(beats/

min)

%

Calibration of the respiratory control and mechanics components

1

3.0 - - - - - - - - - - -

2.5 - - - - - - - - - - -

4.0 - - - - - - - - - - -

8.9 - - - - - - - - - - -

Validation of the respiratory control and mechanics components

2 13.9 100 - - - - - - - - - -

3 5.8 100 6.4 0 - - - - - - - -

Validation of the extended cardio-respiratory model

4 - - - - 3.9 42 2.5 25 6.0a 79a 9.1 42

5 1.5 47 1.3 95 - - - - - - - -

6 1.1 58 1.9 100 - - - - - - - -

7 - - - - 5.0 67 11.6 50 17.1a 50a 28.2 67

8

- - - - - - 1.3 100 6.1 91 5.4 100

- - - - - - 1.9 73 7.0 91 8.8 100

- - - - - - 4.2 36 4.8 100 9.6 100

- - - - - - 1.5 82 8.4 64 3.2 100

- - - - - - 1.6 100 12.6 91 4.4 100

ETCO2, end-tidal carbon dioxide; HR, heart rate; MAP, mean arterial pressure; MV, minute ventilation; RR, respiratory rate; SpO2, oxygen saturation.
aRMSE for systolic blood pressure.

5.8 L/min and with 100% of the predictions falling within 2 SEM 
of the experimental data (Figure 4C; Table 2). However, for RR, we 
observed considerable differences between the model predictions 
and the experimental data, with none of the predictions falling 
within 2 SEM of the experimental data and an RMSE of 6.4 
breaths/min (Figure 4D; Table 2). 

3.3 Validation of the extended CR model

To validate the integrated extended CR model, we compared 
its predictions of time-course changes in SpO2, ETCO2, SBP, HR, 
MV, and RR with the corresponding experimental data from Studies 
4–8. These studies covered a variety of experimental conditions, 
including changes in FiO2 and FiCO2 in humans (Studies 4–6), 
airway obstruction in pigs (Study 7), and hemorrhage followed by 
ventilation changes in pigs (Study 8).

Study 4 reported vital-sign changes in response to changes 
in FiO2 (10%–21%; Figure 5A, solid line) and FiCO2 (0%–2%; 
Figure 5A, dashed line). Figures 5B–E show the model predictions 
(solid lines) and the corresponding experimental measurements 
(filled circles) for SpO2, ETCO2, MAP, and HR, respectively. 
The model predictions showed reasonable agreement with the 
experimentally measured data, with RMSEs of 3.9% for SpO2, 
6.0 mmHg for MAP, and 9.1 beats/min for HR, with 42%–79% of the 
predictions falling within 2 SEM of the corresponding experimental 
data (Table 2). For ETCO2, only 25% of the predictions fell within 
2 SEM of the experimental data. However, the RMSE (2.5 mmHg) 
was comparable to the instrument accuracy (Table 2) (Martin-
Gill et al., 2024).

Studies 5 and 6 reported changes in MV and RR in response to 
changes in FiO2 (9%–21%; Figures 6B,D, solid lines on the right y-
axis) and changes in FiCO2 (0%–3%; Figures 6A,C, solid lines on 
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FIGURE 4
Input profile and model validation results using the experimental data from Studies 2 and 3. (A) Comparison of the experimental steady-state minute 
ventilation (MV) data (open bars) from Study 2 with the corresponding model predictions (solid bars) across different levels of arterial carbon dioxide 
pressure (PaCO2). (B) Model inputs for Study 3 included the arterial oxygen pressure (PaO2, solid line) and PaCO2 (dashed line). (C,D) Experimental 
(filled circles) and prediction results (solid lines) for MV and respiratory rate (RR) from Study 3. The error bars denote two standard errors of the mean. 
RMSE: root mean square error.
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FIGURE 5
Input profile and model validation results using the experimental data from Study 4. (A) Model inputs for this study included the fractions of inspired 
oxygen (FiO2, solid line) and carbon dioxide (FiCO2, dashed line). (B–E) Experimental (filled circles) and prediction results (solid lines) for oxygen 
saturation (SpO2), end-tidal carbon dioxide (ETCO2), mean arterial pressure (MAP), and heart rate (HR). The error bars denote two standard errors of the 
mean. RMSE: root mean square error.
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FIGURE 6
Input profile and model validation results using the experimental data from Studies 5 and 6. (A,B) Model input profiles on the right y-axis: fraction of 
inspired carbon dioxide (FiCO2, solid line) from Study 5 and fraction of inspired oxygen (FiO2, solid line) from Study 6. The left y-axis of these two 
panels display the corresponding experimental (filled circles) and prediction results (solid lines) for minute ventilation (MV). (C,D) Input profiles on the 
right y-axis: FiCO2 (solid line) from Study 5 and FiO2 (solid line) from Study 6. The left y-axis of these two panels displays the corresponding 
experimental (filled circles) and prediction results (solid lines) for respiratory rate (RR). The error bars denote two standard errors of the mean. RMSE: 
root mean square error.

the right y-axis). Figures 6A,C show the model predictions (solid 
lines) and the corresponding experimental measurements (filled 
circles) for Study 5 for MV and RR, respectively. Figures 6B,D 
show the corresponding results for Study 6. In both studies, the 
model predictions showed good agreement with the experimental 
data. On average, across the two studies, we obtained RMSEs of 
1.3 L/min for MV and 1.6 breaths/min for RR, with 53% of the MV 
predictions and 98% of the RR predictions falling within 2 SEM of 
the experimental data (Table 2). The prediction results from Studies 
4–6 demonstrated that the model simulated the cardiovascular and 
respiratory responses to changes in FiO2 and FiCO2 across different 
experimental scenarios.

Study 7 reported changes in vital signs for airway obstruction 
ranging from 0% to 100% (Figures 7A–D, solid lines on the right 
y-axis). Figures 7A–D also show the model predictions (solid 
lines) and the corresponding experimental data (filled circles) for 
SpO2, ETCO2, SBP, and HR. The model yielded a small RMSE 
of 5.0% for SpO2, while the RMSEs for ETCO2 (11.6 mmHg), 
SBP (17.1 mmHg), and HR (28.2 beats/min) were relatively larger 
(Table 2). The 100% airway obstruction case was responsible for 

these large discrepancies. In the absence of this extreme case, the 
model yielded RMSEs of 3.8 mmHg for ETCO2, 4.1 mmHg for 
SBP, and 2.7 beats/min for HR (Figures 7B–D). For the 0%–75% 
airway obstruction, the model reliably predicted the general trends 
of each of the four outputs, with 75%–100% of the predictions 
falling within 2 SEM of the experimental data. Overall, the model 
demonstrated high fidelity in reproducing the cardiovascular and 
respiratory responses to airway obstruction up to 75%.

Study 8 reported changes in vital signs for hemorrhage 
(25% of blood volume) followed by five different ventilation 
scenarios. Figure 8 shows the model predictions (solid lines) 
and the corresponding experimental measurements (filled circles) 
for ETCO2, MAP, and HR under three of the five scenarios: 
spontaneous ventilation, max hyperventilation, and high FiO2
ventilation. Supplementary Figure S1 shows the corresponding 
comparisons for the remaining two scenarios: normal ventilation 
and hyperventilation. We observed good agreement between the 
model predictions and the experimental data for all three outputs 
in each of the five groups. On average, across the five groups, 
we obtained small RMSEs of 2.1 mmHg for ETCO2, 7.8 mmHg 
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FIGURE 7
Input profile and model validation results using the experimental data from Study 7. (A–D) Model input profile on the right y-axis: fraction of airway 
obstruction (Fao, solid lines). The left y-axis of these panels show the experimental (filled circles) and prediction results (solid lines) for oxygen saturation 
(SpO2), end-tidal carbon dioxide (ETCO2), systolic blood pressure (SBP), and heart rate (HR). The error bars denote two standard errors of the mean. 
RMSE: root mean square error.

for MAP, and 6.3 beats/min for HR (Table 2). Except for ETCO2, 
where only 36% of the model predictions fell within 2 SEM of 
the experimental data during hyperventilation, at least 64% of the 
model predictions for the remaining outputs fell within 2 SEM of 
the measured experimental data (Table 2). Thus, the model reliably 
captured the cardiovascular and respiratory responses to ventilation 
changes following a hemorrhagic injury.

3.4 Sensitivity analysis

We identified the CR model parameters that had the largest 
influence on six key outputs (SpO2, ETCO2, SBP, HR, MV, and RR) 
by performing a local sensitivity analysis. In Table 3, for the four 
vital-sign outputs (SpO2, ETCO2, SBP, and HR), we list the top two 
parameters (out of 163) with the highest and second highest absolute 
sensitivities at five simulation timepoints representing 0%, 25%, 
50%, 75%, and 100% airway obstruction. For 0%–75% obstruction, 
SpO2 was most sensitive to the two parameters of the O2-
hemoglobin dissociation sigmoidal function, γ and P50 (described 
in Supplementary Table S1 in the Supplementary Material), with 
sensitivities ranging from 0.12 to 0.19 and −0.19 to −0.10, 
respectively. At 100% obstruction, however, SpO2 was most sensitive 
to γ and the initial blood volume in the veins (VV0), with sensitivities 

of −6.11 and −4.95, respectively. Across all the obstruction levels, 
ETCO2 was most sensitive to the parameters representing the initial 
CO2 production rate in body tissue (MdCO2) and the fraction of 
dead space in the lungs (kds), with sensitivities ranging from 0.83 
to 1.02 and 0.36 to 0.55, respectively. For 0%–75% obstruction, 
both SBP and HR were most sensitive to VV0 and the parameter 
representing the initial unstressed blood volume in the veins (VVu0), 
with sensitivities ranging from 0.60 to 1.54 and −1.39 to −0.57, 
respectively. However, at 100% obstruction, HR was most sensitive 
to the intercept term (HR0) and one of the gain terms (HR2) in the 
equation used to compute HR, with sensitivities of 0.55 and 0.44, 
respectively, while SBP remained most sensitive to VV0 and VVu0, 
with sensitivities of 1.23 and −0.92, respectively. Thus, we identified 
eight model parameters (out of 163) that influenced four key vital 
signs. Supplementary Table S2 in the Supplementary Material shows 
the top two most sensitive parameters for the intermediate outputs 
MV and RR and their corresponding sensitivity values.

4 Discussion

Combat medics providing care in LSCO face numerous 
challenges, including high casualty rates, large casualty-to-provider 
ratios, limited medical resources and reach-back capability, and 
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FIGURE 8
Input profile and model validation results using the experimental data from Study 8 for the spontaneous ventilation, max hyperventilation, and high 
FiO2 (fraction of inspired oxygen) ventilation scenarios. Experimental (filled circles) and prediction results (solid lines) for (A–C) end-tidal carbon dioxide 
(ETCO2), (D–F) mean arterial pressure (MAP), and (H–J) heart rate (HR). The error bars denote two standard errors of the mean. The timelines at the top 
of panels (A–C) illustrate the experimental scenario, where the subjects underwent hemorrhage (25% of blood volume) followed by ventilation 
changes. SV indicates that the subjects were on spontaneous ventilation during that period. MV: minute ventilation; RMSE: root mean square error.

delayed evacuation. In such mass-casualty settings, AI technologies 
that can help optimize and accelerate medical decision-making will 
become increasingly essential to support timely and effective combat 
casualty care (Jin et al., 2024). The development of such technologies 
requires computational models that can accurately predict the 
human physiological response to relevant battlefield injuries and 
generate synthetic data to train the AI algorithms and evaluate 
their performance. Because airway obstruction is the second leading 
cause of potentially survivable death on the battlefield, we extended 
the CR model to incorporate its physiological effects (Eastridge et al., 
2012; Eastridge et al., 2019). To this end, based on a model 
developed by Albanese et al. (2016), we added two new components 

to the CR model representing respiratory control and respiratory 
mechanics. The extended CR model can now simulate changes in 
nine key vital signs (SpO2, ETCO2, SBP, MAP, DBP, HR, MV, RR, and 
CO) in response to both hemorrhagic injury and airway obstruction, 
in addition to fluid resuscitation with six different fluid types and 
ketamine administration, thus expanding its capability to simulate a 
broader range of battlefield injuries and treatments.

To ensure that the extended CR model accurately represented 
airway obstruction, we assessed its performance at different 
stages of development. First, we validated only the newly added 
extensions (i.e., the respiratory control and mechanics components) 
by comparing MV predictions with experimental data involving 

Frontiers in Physiology 16 frontiersin.org

https://doi.org/10.3389/fphys.2025.1699315
https://www.frontiersin.org/journals/physiology
https://www.frontiersin.org


Jin et al. 10.3389/fphys.2025.1699315

TABLE 3  List of the two most sensitive parameters for SpO2, ETCO2, SBP, and HR at five different airway obstruction levels.

Obstruction 
level (%)

Rank SpO2 ETCO2 SBP HR

Parameter Sensitivity Parameter Sensitivity Parameter Sensitivity Parameter Sensitivity

0
1 γ 0.12 MdCO2 0.83 VV0 1.54 VV0 0.68

2 P50 −0.10 kds 0.55 VVu0 −1.39 VVu0 −0.63

25
1 γ 0.13 MdCO2 0.83 VV0 1.49 VV0 0.72

2 P50 −0.10 kds 0.55 VVu0 −1.35 VVu0 −0.67

50
1 γ 0.13 MdCO2 0.83 VV0 1.46 VV0 0.73

2 P50 −0.11 kds 0.53 VVu0 −1.31 VVu0 −0.68

75
1 P50 −0.19 MdCO2 0.83 VV0 1.29 VV0 0.60

2 γ 0.19 kds 0.45 VVu0 −1.06 VVu0 −0.57

100
1 γ −6.11 MdCO2 1.02 VV0 1.23 HR0 0.55

2 VV0 −4.95 kds 0.36 VVu0 −0.92 HR2 0.40

ETCO2, end-tidal carbon dioxide; HR, heart rate; HR0, intercept in the equation for HR computation; HR2, gain in the equation for HR computation; kds, fraction of dead space in the lung; 
MdCO2, carbon dioxide production rate in the body tissue; P50, partial pressure of oxygen at which hemoglobin is 50% saturated; SBP, systolic blood pressure; SpO2, oxygen saturation; VV0, 
initial blood volume in the veins; VVu0, initial unstressed blood volume in the veins; γ, Hill coefficient in the oxygen-hemoglobin dissociation sigmoidal function.

changes in PaO2 and PaCO2 from Studies 2 and 3. On average, 
these components accurately predicted changes in MV, yielding an 
RMSE of 9.9 L/min with 100% of the predictions falling within 2 
SEM of the experimental data (Table 2). However, their predictions 
of RR, which was only reported in Study 3, were less accurate, with 
an RMSE of 6.4 breaths/min and none of the predictions falling 
within 2 SEM of the three measured data points (Figure 4D). This 
discrepancy may be either due to the fact that we did not consider 
the RR output when we calibrated the parameters of the respiratory 
component or the limited number of experimental measurements. 
Yet, another possible explanation is the large variability in RR 
across different experimental studies, which limits the model’s 
ability to provide accurate predictions for individual cases. For 
example, Study 6 also reported changes in RR in response to 
FiO2 and FiCO2 changes. When we simulated the protocol of 
Study 6, the CR-model predicted values for PaO2 (34–89 mmHg) 
and PaCO2 (30–41 mmHg) were actually similar to those used as 
inputs in Study 3 (Table 1), yet Study 3 reported much larger RR 
perturbations (10–22 breaths/min; Figure 4D) compared to Study 
6 (11–13 breaths/min; Figure 6D). In fact, in the case of Study 
6, 100% of the CR-model predicted RR values fell within 2 SEM 
of the corresponding experimental data (Table 2). Overall, our 
implementation of the respiratory components reasonably captured 
changes in MV and RR in response to changes in PaO2 and PaCO2.

Next, we assessed the performance of the entire extended 
CR model, after integration of the respiratory components with 
the original model, by comparing its vital-sign predictions with 
experimental data from five different studies (Studies 4–8), which 
included three different scenarios: 1) changes in FiO2 and FiCO2, 
2) airway obstruction, and 3) hemorrhage followed by changes in 
ventilation. On average, across Studies 4–8 (excluding the 100% 

airway obstruction in Study 7), the model demonstrated good 
agreement with the experimental data, achieving low RMSE values: 
1.3 L/min for MV, 1.6 breaths/min for RR, 3.9% for SpO2, 2.4 mmHg 
for ETCO2, 7.8 mmHg for MAP, 5.1 mmHg for SBP, and 6.2 
beats/min for HR (Table 2). In contrast, in Study 7, for the 100% 
airway-obstruction condition, the model yielded higher RMSE 
values for ETCO2, SBP, and HR. In our simulations, to be consistent 
with the experimental protocol, we assumed a 3-min period for 
this obstruction. However, because the vital signs (SpO2, ETCO2, 
SBP, and HR) changed very rapidly during this condition and 
it was challenging to determine the precise timing for the onset 
and release of the obstruction from the experimental data, even a 
small mismatch of a few seconds between the simulated and the 
experimental timings resulted in considerable differences in the vital 
signs. Apart from this condition in Study 7, as hypothesized, the 
extended CR model reasonably captured the vital-sign responses 
for a broad range of respiratory perturbations, with RMSEs for 
vital signs (MV, RR, SpO2, ETCO2, MAP, SBP, and HR) falling 
within 20% of their corresponding baseline values for an “average” 
human (6.6 L/min for MV, 12 breaths/min for RR, 98% for SpO2, 
40 mmHg for ETCO2, 90 mmHg for MAP, 120 mmHg for SBP, and 
70 beats/min for HR) (Hall, 2016).

We are aware of two other existing models that can simulate both 
hemorrhagic injury and airway obstruction and their associated 
treatments, HumMod (Hester et al., 2011) and Pulse Physiology 
Engine (Bray et al., 2019). However, these two models contain 
more than a thousand parameters and variables, making them 
too complex for seamless integration with AI algorithms. In 
addition, neither model has been quantitatively validated for airway-
obstruction scenarios. In comparison, the CR model contains only 
163 parameters and was quantitatively validated herein against 
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experimental studies that represented relevant battlefield airway 
obstruction and its removal. Of note, we previously showed that, 
compared to HumMod, a simpler version of the CR model 
yielded similar or better performance in the prediction of vital-
sign responses (SpO2, ETCO2, MAP, and HR) to hemorrhagic injury 
and airway perturbations (changes in MV and FiO2) (Jin et al., 2023).

Airway obstruction accounts for 8% of potentially survivable 
deaths on the battlefield and combined with hemorrhage contributes 
to 99% of the cases (Eastridge et al., 2012; Eastridge et al., 2019). 
In a study involving over 700 trauma casualties during combat 
operations in Afghanistan, 16.9% required some form of airway 
management in the prehospital setting (Blackburn et al., 2018). 
Airway obstruction directly impairs ventilation, leading to hypoxia 
and hypercapnia, which in turn negatively impact the function of 
the cardiovascular system. Knowledge of the location, duration, and 
severity of an airway obstruction and its associated interventions 
is important because it helps guide battlefield care, both in terms 
of the appropriate medical procedures to perform as well as 
medical logistics, e.g., availability of a cricothyrotomy kit or suction 
equipment. For example, the U.S. DoD Tactical Combat Casualty 
Care guidelines recommend frequent monitoring of SpO2 and 
ETCO2 to assess airway status and determine the appropriate airway 
management strategy (Deaton et al., 2021).

A key challenge in refining the guidelines for battlefield casualty 
care is the projection of future resource requirements based on the 
current physiological state of the casualties. AI algorithms trained on 
relevant battlefield data have demonstrated the capability to detect 
injuries, assess their severity, and recommend treatment strategies 
in real time (Jin et al., 2017; Jin et al., 2018; Fernandes et al., 
2020; Dolan et al., 2021; Maurer et al., 2021; Peng et al., 2023; 
Stallings et al., 2023; Jin et al., 2024). However, the development of 
such AI algorithms requires large amounts of clinical data, preferably 
those capturing relevant battlefield injuries, such as simultaneous 
hemorrhagic and airway-obstruction injuries. Without clinical data, 
we must rely on synthetic data. In fact, using an earlier version of the 
CR model, we previously generated a synthetic hemorrhagic-injury 
trauma dataset and subsequently used it to develop an AI algorithm 
to recommend optimal fluid allocation strategies for a variety of 
simulated mass-casualty scenarios (Jin et al., 2024). Compared 
to the current U.S. DoD standard of care guidelines for blood 
transfusion [the Vampire Program (Voller et al., 2021)], computer 
simulations showed that this AI algorithm could restore 46% 
more casualties to healthy vital-sign levels and could increase fluid-
utilization efficiency by nearly 120%. With the recent extensions 
to the CR model, including the effects of different fluid types 
(Kurian et al., 2025), ketamine administration, and the current 
capability to simulate airway obstruction, we have considerably 
increased the scope of injuries and associated treatment options that 
the extended CR model can simulate. In the future, one potential 
use of the extended model would be to generate a much larger 
and diverse set of synthetic data of trauma casualties and use it 
to train AI algorithms to optimize the management of multiple 
injury types. Another potential use could involve its integration 
into a model-based decision-support system (Glachs et al., 2021), 
where the CR model enhanced by a parameter-estimation extended 
Kalman filter algorithm (Laxminarayan et al., 2023) would assess the 
efficacy of different treatment options in real time (e.g., nasal high-
flow ventilation, mask ventilation, tracheal intubation, tracheotomy, 

laryngeal mask ventilation, and mechanical ventilation) to provide 
optimal personalized recommendations.

Although by and large the extended CR model captured the 
variations in vital signs resulting from airway obstruction, it does 
have several limitations due to simplifying assumptions we had 
to make during model development. First, we validated the CR 
model using experimental data from pig studies. We attempted to 
overcome this limitation by normalizing the experimental inputs 
to an average human. However, there could be potential species-
specific differences in respiratory mechanics between pigs and 
humans that we cannot overcome by data normalization. For 
example, during hypercapnic acidosis, the diaphragm muscle’s 
ability to contract is preserved in pigs but impaired in humans, 
which could lead to a decrease in tidal volume and MV in humans 
(Morales-Quinteros et al., 2019). Therefore, by not considering 
species-specific differences, our predictions of MV, for example, 
could be less accurate. Second, without considering a specific cause, 
we modeled airway obstruction as an increase in airway resistance 
caused by a decrease in airway diameter, akin to a blockage, at 
three representative locations along the upper and lower airways. 
In addition, we did not consider the individual compliances of the 
larynx, trachea, and bronchi in the model predictions. However, 
depending on its cause, airway obstruction can have distinct 
clinical manifestations, such as airway edema or external hematoma, 
which can lead to dynamic changes in airway compliance (Martin-
Lefevre et al., 2001; Palmer and Clegg, 2023). Thus, our simplified 
representation of airway obstruction could lead to over- or under-
estimation of changes in vital signs.

Third, we used a simplified model of respiratory rhythm 
generation, as described in Albanese et al., which does not account 
for the physiological variability in respiratory rhythm or the changes 
in airway tone that occur during stress and trauma (Butera et al., 
1999a; Butera et al., 1999b; Smith et al., 2000; Elstad et al., 2018; 
Baertsch et al., 2021). We had to make this simplifying assumption 
because our model currently does not possess the granularity (i.e., 
the description of the sympathetic and parasympathetic neurons 
that signal the smooth muscle cells to contract or dilate) to 
incorporate these changes in airway tone. In the future, the 
representation of the effects of such dynamic changes in airway 
tone and variability in the respiratory rhythm will allow us to 
more accurately capture the clinical responses of airway injuries. 
Fourth, the current CR model does not account for environmental 
factors, such as ambient temperature and relative humidity. For 
example, inhalation of cold air can lead to airway narrowing, which 
leads to increased airway resistance in real life (Fontanari et al., 
1996). We excluded environmental factors because we currently 
do not have enough data to model these factors. When such 
data become available, we will incorporate them in the model 
to increase its accuracy. Lastly, the model currently does not 
incorporate certain battlefield injuries that affect the cardiovascular 
and respiratory systems, such as smoke inhalation or burns. These 
injuries, while important, are not among the leading causes of 
potentially survivable deaths on the battlefield, so we did not 
prioritize them in the current model.

In summary, we extended and validated our previously 
developed CR model to predict the temporal changes in vital signs 
caused by airway obstruction. This new capability broadens the 
scope of the injury and treatment scenarios that the CR model
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can simulate and allows us to generate synthetic trauma casualty 
datasets that include hemorrhagic injury, airway obstruction, fluid 
resuscitation with saline, whole blood, and blood products, and the 
administration of pain medication. Such datasets are essential for 
the development of AI algorithms to help combat medics triage, 
diagnose, and treat combat casualties near the point of injury.
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