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1.

INTRODUCTION:

Our long-term goal is to deliver automated closed-loop fluid and drug resuscitation
systems for combat casualty and trauma care. We have prototyped and performed
extensive animal studies of such systems for hemorrhagic shock and burn shock.
However, animal studies alone may not be sufficient to demonstrate the safety of these
systems across the wide range of patient and clinical conditions they may need to be used
in during critical care. The focus of this grant is to establish mathematical models as the
foundation for the development and evaluation of closed-loop trauma resuscitation
algorithms and demonstrate the utility of these models in the development and
optimization of closed-loop resuscitation algorithms. We will 1) Develop mathematical
models of trauma-induced shock and resuscitation specifically for developing and
evaluating closed-loop resuscitation control algorithms. We perform animal studies to
provide the key data to develop models. 2) Perform quantitative evaluation of
mathematical models of trauma-induced shock and resuscitation. 3) Establish utility of the
mathematical models by comparing in silico versus animal testing of closed-loop
resuscitation algorithms. Future autonomous closed-loop resuscitation systems well
validated with extensive in silico testing based on mathematical models will allow Medics,
Corpsmen, Forward Surgical Teams and Combat Support Hospitals to apply resuscitation
therapies equivalent to that of the best civilian trauma centers.

KEYWORDS: Provide a brief list of keywords (limit to 20 words).

Shock Treatment, Burns, Hemorrhage, Closed Loop, Fluids, Pressors, Hypotension

ACCOMPLISHMENTS:
e What were the major goals of the project?

Year 01: Develop: 1) An extensive set of physiological data of responses to injuries and
therapeutics using anesthetized swine animal experiments. 2) New mathematical models
suited to the development and validation of closed-loop resuscitation algorithms for
hemorrhage, burns, and refractory shock.

Year 02: Deliver: 1) Validation data will be provided by a series of animal studies 2)

Quantitative assessments of the developed mathematical models of hemorrhage, burn
shock and refractory shock running in silico closed loop models.

e What was accomplished under these goals?




1) major activities;

We performed animal studies of hemorrhages and fluid therapy to generate new
data on shock and resuscitation. We also used historic data from our lab on hemorrhage
and burn injury and resuscitation studies. These datasets allowed our mathematical
modelers to enhance our existing models of fluid therapy of shock and develop new
models.

2) specific objectives;

Develop a dataset of animal studies of shock and resuscitation.
Develop mathematical models of fluid therapy of hemorrhage and burn shock and
vasopressor drug therapy.

3) significant results or key outcomes.

A mathematical Burn Model is now completed, see 3a. Good progress was made in
our hemorrhage model, see 3b, which is still undergoing some refinements.

Physiological Dataset

Animal preparation and measured variables. Anesthetized (Isoflurane) swine were
splenectomized and instrumented with catheters and sensors in order to monitor blood
pressure (arterial, central venous, and pulmonary), heart rate, cardiac output, urinary
output and pulse oximetry. Blood samples were taken every 5 to 15 minutes for hematocrit
determinations to assess volume expansion with bolus therapy. In addition, blood gases
were measured during each experimental period.




Protocol. After surgery and stabilization, there was a one hour baseline period, then each
protocol had four to seven periods of shock and resuscitation. Multiple protocols were
then performed. The exact protocols were discussed and established before each
experiment (video-teleconference call) by the entire group. The goal was to provide the
modelers with shock and fluid challenges and their time points needed to develop and test
the model. Typically, we performed 1-2 hemorrhage periods, in which blood was removed
until mean arterial pressure was equal to a predetermined set target, e.g. 40 mmHg, and
held at that pressure by additional bleeding or stopped, hemorrhage data was collected
was one hour. Each protocol had and 2 to 4 boluses equal to 200-mL to 500 mL per 80m
Kg per 80 kg. This provided typical adult human sized boluses. We used 5% albumin for
bolus fluids; 5% albumin has the volume expanding effects of plasma or whole blood. We
studied rapid bolus and slow boluses.

Data Handling. We have physiological data from 14 swine studies of hemorrhage and
resuscitation. Data was manually recorded every 5 into 10 minutes. Shorter sampling
times were performed during and just after bolus therapy. Data was transcribed to Excel.
We also have high resolution hemodynamic data collected at 1,000 Hz from the vital signs
monitor.

Representative data is shown in the below modelling figures.
3a. Burn Mathematical Model

3.1. Model Description

Burn injury is a life-threatening trauma insult that has been responsible for about 10% of
combat casualties in recent conflicts. The definite initial therapy is fluid resuscitation
titrated to urinary output (UO). The goal of this effort is to propose a physiological model to
represent the macroscopic responses of the cardiovascular system to both burn injury and
burn resuscitation. In this report, one such model we developed is presented. The model
includes three main components: (a) volume kinetics to describe the changes in fluid
volume and protein concentration in the vasculature and tissues, (b) renal function to
describe the changes in UO, and (c) burn-induced perturbations in volume kinetics.

The volume kinetics component is the backbone of the model. It consists of three
compartments: plasma, burnt tissue, and intact tissue, where each is assumed to contain
water and albumin. The water and protein balance between these three compartments
and the homeostasis therein are maintained by flows formed by the capillary filtration,
lymph return, gain (fluid infusion and fluid loss (UO, evaporation), and exudation) (Fig. 1).
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After writing the appropriate equations for

each sub-model and connecting the components, an overall model is constructed, which
can potentially represent the macroscopic cardiovascular responses to burns and fluid
resuscitation. In this model, pp= 21 tunable parameters are present, which can be
calibrated to capture the characteristics of a subject from measurement data.

Fig. 5 Schematic of the model, where J: flow, EV:
evaporation, EX: exudation, L: lymph, CF: capillary
filtration, I: infusion and UO: urinary output. The

3.2. Model Evaluation

The mathematical model above was extensively validated by comparing its predictions to
the available experimental data and to literature. The first set of data was collected from
16 sheep with 40% burn injury and included crystalloid infusion rate, urinary output (UO),
hematocrit (HCT; which was used to estimate plasma volume (PV)), lymph flow in burnt
and intact tissues, and albumin concentrations in PV, burnt tissue, and intact tissues. The
mathematical model was nonlinear and complex, involving 24 tunable parameters, which
was deemed many relative to the experimental data. Hence, we first examined the
feasibility of faithfully fitting the mathematical model to the experimental data using a
population-average mathematical model (which was derived by fitting the mathematical
model to the experimental data of all 16 sheep) as ground truth. This idealized in silico
trial in conjunction with parametric sensitivity analysis showed that the mathematical model



could be fitted well to the experimental data (meaning that (i) the predictions of the
mathematical model fitted the ground truth perfectly and (ii) the parameter estimates
converged to their ground truth values) when only 11 most sensitive parameters therein
were estimated by numerical optimization while the remaining 13 relatively insensitive
parameters were fixed at their nominal (i.e., population-average) values. Applying the
same scheme to the experimental data on an individual basis resulted in remarkable
performance in replicating PV, UO, lymph flow, and albumin concentration in the sheep
(Table 1 and Figure 1).

Table 1: Normalized mean absolute error (NMAE; reported in median (IQR)), PV: plasma
volume. UO: urinary output. P: plasma. BT: burnt tissues. IT: intact tissues. N indicated
the number of subjects for which the measurements were available

PV [ml] UO [mi/h] Lymphatic Flow [ml/h] Albumin Concentration [g/1]
(N=16) (N=16) BT (N=6) IT (N=7) P (N=4) BT (N=2) IT (N=2)
NMAE [%)] 16 (3) 17 (3) 17 (7) 17 (6) 19 (10) 7 (6) 17 (11)
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Figure 1: Measured versus model-predicted plasma volume (PV) and urinary output (UO)
responses of a 40kg sheep subject to 40% burn. Circles: measured responses. Solid
lines: model-predicted responses. Dashed lines: measured fluid dose.

The second set of data included 156 humans (116 training set, 40 test set) with
demographics, infusion rate, and UO data. Repeating the same in silico population-
average model-based analysis with the human data, we were able to reduce the number of
tunable parameters from 24 to 7 sensitive parameters, with only 1% increase in the
prediction error. The UO fitting errors for both the training and test set are shown in Table
2.

Table 2: Normalized mean absolute error (NMAE; reported in median (IQR)), PV: plasma
volume. UO: urinary output. P: plasma. BT: burnt tissues. IT: intact tissues
Training Set (N = 116) | Testing Set (N = 40)
UO NMAE [%] 16.2 (6) 15.7 (7)

Figure 2 illustrates the UO prediction for two representative human subjects in the test set.
In sum, the mathematical model was able to replicate the UO responses associated with a
wide range of burn severity and burn resuscitation regimens. The prediction accuracy was
adequate, and the trends of predictions associated with the other physiological variables in
the mathematical model were in good agreement with those reported in the literature.
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Figure 2: Measured versus model-predicted urinary output (UO) responses in two humans
subject to 54% (left) and 30% (right) burn. Circles: measured responses. Solid lines:

model-predicted responses.
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3b Hemorrhage Mathematical Model
Model Description

1) Main Circulatory System: The circulatory nature of the cardio-vascular system is
modeled as a loop, through which the blood flows with rate Q (cardiac output). The heart
acts as a pump, which draws blood from the venous compartment and directs it toward the
arterial compartment. In addition, a resistance R (systemic vascular resistance) resists the
flow of blood through the circulatory system. Furthermore, changes in the volume of each
compartment proportionally change the pressure in that compartment. Hemorrhage is
modeled as a loss of volume in the circulatory system, while fluid resuscitation is modeled
as a volume expansion.

2) Fluid Shift Mechanism: In the absence of perturbations, the volume of blood in the
main circulatory system is assumed to be in relative equilibrium with the volume of fluid in
the interstitial compartment. A perturbation in blood volume (e.g. hemorrhage or fluid
resuscitation) is partially counteracted by a shift of fluid to/from the interstitial compartment.
The net rate of fluid shift Jr is thus modeled as the control input of a hypothetical controller
that has the goal of regulating total blood volume.

3) Systemic Vascular Resistance Regulation: The resistance denoted by R represents
the resistance to blood flow that is present throughout the vascular system. The body can
change this resistance to some extent through vasoconstriction and vasodilation in order to
partially restore a lower-than-normal arterial pressure. In addition, a change in the volume
fraction of red blood cells in the blood (H) directly affects blood viscosity, which in turn
affects R. The change in resistance R is therefore modeled as a control input that has the
goal of regulating arterial pressure, and is also disturbed by changes in H.

}
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Figure 1. Schematic drawing of the proposed model of cardiovascular responses to fluid
perturbation

11



4) Cardiac Output Regulation: The cardiac output Q can be affected by several important
mechanisms: The Frank-Starling mechanism is related to the inherent properties of cardiac
muscles, where a higher preload (~proportional to venous pressure) results in a more
forceful stroke (and higher stroke volume) in a single beat. The cardiac contractility and
heart rate are controlled over time by the autonomic nervous system to maintain a suitable
cardiac output Q. Overall, to obtain a minimal representative model of these effects, the
cardiac output Q is assumed to be regulated as a controlled variable by a controller that
acts through changing a hypothetical control input (which corresponds to both the heart
rate and cardiac contractility), and is disturbed by changes in cardiac preload and loss of
red blood cells.

In Summary, after writing the appropriate equations for each sub-model and connecting
the components, an overall model is constructed, which can potentially represent the
macroscopic cardiovascular responses to hemorrhage and fluid resuscitation. In this
model, np=11 tunable parameters are present, which can be calibrated to capture the
characteristics of a subject from measurement data.

3.4. Hemorrhage Model Evaluation Using Existing Datasets

The validity of the mathematical model of hemorrhage and resuscitation in Figure 1 was
evaluated using the in-house dataset collected from 23 sheep subject to hemorrhage and
resuscitation, which illustrated that the mathematical model could faithfully replicate the
experimental dataset. Figure 2 shows a few representative examples of the experimental
dataset and mathematical model predictions after fitting.
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Figure 2: Experimental hematocrit (HCT), cardiac output (CO), and mean arterial pressure
(MAP) data and the corresponding predictions by fitted mathematical model of hemorrhage
and resuscitation.

3.3. Analysis of FORWARD Hemorrhage Dataset

A data processing pipeline was established to prepare the data to be used to train, modify,
and validate the mathematical model of hemorrhage and hemorrhage resuscitation. To
date, we have received, processed, and analyzed experimental data associated with 11
animals subject to four different hemorrhage-colloid bolus protocols. Our mathematical
model seemed to successfully predict the general trend of cardiac output (CO) and mean
arterial pressure (MAP) in most animals. However, it had difficulty in replicating a transient
undershooting and rebounding behavior observed in the hematocrit (HCT) measurements
(Figure 3).
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Figure 3: HCT: hematocrit, MAP: mean arterial pressure, CO: cardiac output, HR: heart
rate, SV: stroke volume. The starred gold line shows the filtered data, and the solid blue
line shows the prediction. In all the plots, the vertical blue line shows the timing of bolus
infusion, while the vertical red line shows the timing of hemorrhage insult.

With a closer look at HCT measurements, we detected two common behaviors that were
not in agreement with the assumptions and capabilities of the mathematical model. The
first behavior is a large dilution of HCT followed by an increase in HCT after approximately
30 minutes. This behavior occurred in 45% of all the hemorrhage insults given to the
animals. In contrast, our expectation was that the HCT would monotonously decrease
after hemorrhage based on the physiological knowledge: due to RBC loss and a potential
fluid shift from the interstitial compartment to the vascular compartment in response to
general blood loss. The second behavior is an excessive decrease in HCT after the bolus
infusion, usually followed by an increase in HCT until it reaches higher, closer-to-expected
values. This behavior happens in about 80% of all the bolus infusions given to the
animals. In contrast, our expectation was for the mathematical model to predict a much
smaller decline in HCT. The HCT panel in Figure 3 illustrates these behaviors. Another
example is shown in Figure 4, where the HCT data was not filtered to clearly illustrate the
magnitude of the undershooting/rebounding behaviors.

As these observations were very consistent in our dataset to be deemed as noise, we
started to consult the literature to understand potential reasons and mechanisms
underlying these behaviors. We had two possibilities in mind. First, that there is a
systematic error in measuring the whole-body HCT, i.e. some phenomenon is
compromising its estimation. To mention a few, there is a series of studies by Shoemaker
et al., introducing a concept related to the delayed-mixing of red blood cells after traumatic
hemorrhage and infusion of high-viscosity fluids [1]-[3]. This would mean that after such
interventions, a fraction of red blood cells would not circulate as fast, which would result in
the underestimation of HCT. This slowly-mixing red blood cells would then gradually mix
with the circulation and subsequently bring the HCT up to nominal level. The physiology
behind the phenomenon is being more rigorously studied by the study team. But in any
case, the observations seem to be consistent with what we are observing in our data.

14
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Figure 4: the unfiltered HCT data. The vertical blue line shows the bolus infusion, while the
vertical red line shows the beginning of hemorrhage. The HCT goes down remarkably after
the bolus infusion and hemorrhage, and then recovers.

It should be noted that, in our data, the measured HCT is the large-vessel HCT but not the
very hard-to-measure whole-body HCT. To estimate the whole-body HCT, the measured
HCT is multiplied by the ratio of whole-body HCT to the large-vessel HCT, called the f-cell
ratio. This ratio is normally equal to around 0.9. However, studies have shown that this
ratio transiently increases after hemorrhage and infusion [4]-[6]. The increase in the f-cell
ratio after hemorrhage and infusion, has been attributed mainly to the re-distribution of
microvascular fluid and the perturbation in the fluid shift between vascular and interstitial
compartments. It is worth mentioning that slowly-mixing red blood cells would also lead to
an increase in the f-cell ratio. A transiently increased f-cell ratio would at least to some
extent explain the HCT undershooting/rebounding behavior in our data, but more data is
needed to specify the extent and time of this alteration before being able to translate it into
a mathematical model.

Another potential source of perturbation in HCT could be splenectomy, which in case of
our animals was performed only 1-2 hours prior to the study. According to Boysen et al.
[7], splenectomy can precondition the animals for inflammation and exaggerated
responses to hemorrhage, as well as increase the baseline HCT due to the released red
blood cells into the circulation immediately before the removal of the spleen. This by itself
does not explain the HCT undershooting/rebounding behavior. However, its contribution to
the creation of a traumatic state in the animals could lead to other phenomena that more
directly affect the red blood cells, such as the slowly mixing RBC’s of Shoemaker et al.

Aside from the possibility of systematic errors in whole-body HCT estimation, it could be
the case that this excessive dilution and recovery of HCT is due to some transient, two-
way fluid shift between the vascular, interstitial, and intracellular compartments.
Margarson and Soni [8], in their study on septic and normal human subjects, observed
HCT behaviors similar to ours after a fast bolus infusion of albumin 20%. The excessive
HCT dilution in their study could be attributed to the high-viscosity fluid drawing water from
the interstitial compartment. In our study, the aloumin 5% infusion is much less hypertonic,
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but could have drawn fluid from the interstitial compartment and further diluted the HCT
due to its large amount. A more similar study by Doberneck [9] reported the observation of
the same HCT behavior after hemorrhage and attributed it to an increased filtration fraction
in kidneys about 30 minutes post-hemorrhage, which would decrease the effective
circulating water in the vascular compartment and increase the HCT. This increased
filtration fraction post-hemorrhage was also confirmed by Gill and Casper [10]. Finally, a
study by Carlson et al. [11] shows that normal blood volume restitution after hemorrhage is
impaired when the hemorrhage exceeds some critical level (~>30%). The normal blood
volume restitution would lead to a shift from interstitial compartment to the vascular
compartment via lymph flow and further diluting the HCT, but the observed impairment in
larger hemorrhages compromises this inward fluid shift, and instead, the fluid would shift
from the vascular compartment into the interstitial compartment, decreasing plasma
volume and increasing HCT, thus explaining the HCT rebounding behavior in some of the
animals in our study.

In conclusion, all of these scenarios could be, at least in part, responsible for the
commonly observed HCT undershooting/rebounding behavior in our data. While trying to
understand the phenomenon deeply and gathering more data, we are focusing on the
delayed-mixing RBC concept introduced by Shoemaker et al. due primarily to its ability to
explain our observations.
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4) Stated goals not met.

Only 14 swine experiments completed due to delays with ACURO delayed approval and
Covid-19 UTMB shut down. Vasopressor studies and their models are pending. Overall
year 01 modeling tasks are 66% complete with two models done and one pending.

Limited animal studies: We received ACURO approval in November 2019 and with the
time periods between ordering, receiving, routine quarantining after arrival, we performed
two experiments in the first quarter. Then All UTMB laboratories shut down most of the 4"
quarter Apr-Jun 2020 due to Covid-19, but our modelling efforts continued using the data
that we had and historic data.

UTMB is now opened at 50%. We are now allowed to move forward, but with social
distancing after animal preparation. Once, we were back online our animal supplier was
not, so there was a delay in ordering animals. Our animal supplier is now back in business
and we received a shipment during the end the last quarter.

o What opportunities for training and professional development has the project
provided?
Nothing to report

. How were the results disseminated to communities of interest?

Results of our research has been distributed in one manuscript, one Proceedings paper
and one abstract to the to the Research Community. See publications below.

o What do you plan to do during the next reporting period to accomplish the
goals?
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We will continue to generate physiological datasets using our swine model. We will
continue with our animal studies, but at an accelerated pace. We also expect to request a
no cost extension to make up for the lost time.

After a few more hemorrhage experiments, we plan to focus on pressor studies using
phenylephrine.
We will then start the closed loop treatment studies of hemorrhage, burns and pressors.

We will compare the modelling in silico responses versus animal data. After that the
mathematical models may be tuned and adjusted for their final format.

IMPACT:

e What was the impact on the development of the principal discipline(s) of the
project?

The mathematical models that we are developing may provide the medical community the
means to better assess the safety and efficacy of autonomous care systems. While these
models contribute to the general physiological modelling literature, they are designed to
provide specific tools for those developing closed loop resuscitation systems.

e What was the impact on other disciplines?

Nothing to report

e What was the impact on technology transfer?

Nothing to report

e What was the impact on society beyond science and technology?

Nothing to report

. CHANGES/PROBLEMS:

e Changes in approach and reasons for change
Because of the less than expected number of animal studies due to late ACURO approval

and Covid-19 Pandemic we have also analyzed historic data in addition to our data from
our current Forward project.
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e Actual or anticipated problems or delays and actions or plans to resolve them

e Changes that had a significant impact on expenditures.
Because of the delays in hiring some personnel and a delay due to ACURA approval the

animal research and our expenditures are behind, we will request a no cost extension for a
Year 03 effort.

e Significant changes in use or care of human subjects, vertebrate animals,
biohazards, and/or select agents
None

e Significant changes in use or care of human subjects

Not applicable

e Significant changes in use or care of vertebrate animals

Nothing to report

e Significant changes in use of biohazards and/or select agents

None used, nothing to report.

6. PRODUCTS: List any products resulting from the project during the reporting period.

If there is nothing to report under a particular item, state “Nothing to Report.”

o Publications, conference papers, and presentations
Peer reviewed Manuscript.
Ghazal ArabiDarrehDor, Ali Tivay, Ramin Bighamian, Chris Meador, George C.
Kramer, Jin-Oh Hah and Jose Salinas "Mathematical Model of Volume Kinetics and
Renal Function after Burn Injury and Resuscitation”, In press, Burns 2020

Proceedings paper
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Ali Tivay, George C. Kramer and Jin-Oh Hahn,. Virtual Patient Generation using
Physiological Models through a Compressed Latent Parameterization. Proceedings
of the 2020 American Control Conference

Denver, CO, USA, July 1-3, 2020

Abstract-Presentation

Ghazal ArabiDarrehDor, Ali Tivay, Ramin Bighamian, Chris Meador, George C.
Kramer,, Jin-Oh Hah and, Jose Salinas. "Development and Evaluation of a
Mathematical Model of Volume Kinetics and Renal Function after Burn Injury and
Resuscitation ", Published and presented online, Military Health Science Research
Symposium (MHSRS), 2020. *

o Website(s) or other Internet site(s)

MHSRS abstracts published

https://militaryhealthinstitute.org/view-the-2020-mhsrs-accepted-abstracts/

o Technologies or techniques

Nothing to Report

o Inventions, patent applications, and/or licenses
Nothing to Report

o Other Products

Two mathematical models produced, one for burn shock and fluid resuscitation and
one for fluid resuscitation of hemorrhagic hypovolemia and fluid therapy.

One has been published on and the other will be published.

7. PARTICIPANTS & OTHER COLLABORATING ORGANIZATIONS

e What individuals have worked on the project?
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https://militaryhealthinstitute.org/view-the-2020-mhsrs-accepted-abstracts/

No Changes from project start.

Investigators Name:
Project Role:
12 months, from project start

Name:
Project Role:
12 months, from project start

George Kramer, PhD
Pl, UTMB

Jin-Oh Hahn, PhD
Co-I, University of Maryland

Name: Michael Kinsky, MD
Project Role: Co-I, UTMB

No Change

12 months, from project start

Name: Christopher Scully, PhD

Project Role:
Researcher ID
12 months, from project start

Co-l, Food & Drug Administration
0001-8244-0832

Name: Ramin Bighamian
Project Role: Co-l, Food & Drug Administration
12 months from project start

Contribution to Project: Blood volume model enhancement to be used for physiologic
closed-loop control evaluation. Regulatory perspectives and performed working on
planning the data collection methods and analyses for model evaluation. No change in
months worked.

Name: Ali Tivay

Project Role: PhD Student, University of Maryland

Researcher ID 0002-2003-1109

Months worked on project: 12 months from project start

Contribution to Project: Parameter estimation and enhanced modeling of
cardiovascular responses to hemorrhage and fluid resuscitation. No change in
months worked.

Name: Ghazal Arabidarrehdor
Project Role: PhD Student, University of Maryland
Months worked on project: 12 months from project start
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Contribution to Project: Blood volume model enhancement to be used for physiologic
closed-loop control evaluation. From project start

Name: Randy Salsbury

Project Role: Research Associate II, UTMB

Months worked on project: 12 months from project start

Contribution to Project: Animal surgery and experiments. No change in months

worked.

Name: Weihua Cui

Project Role: Research Associate II, UTMB

months worked on project: 6

Contribution to Project: Animal surgery and experiments. New hire Research
Associate

e Has there been a change in the active other support of the PD/PI(s) or senior/key
personnel since the last reporting period?

No changes, Nothing to report.

e What other organizations were involved as partners?
Same investigators and their Organizations as at project start.
University of Maryland — Mathematical Modeling engineers
FDA — Regulatory and Clinical Perspective of Modeling

UTMB — Animal studies

. SPECIAL REPORTING REQUIREMENTS
COLLABORATIVE AWARDS:

None

QUAD CHARTS:

Attached
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9. APPENDICES:
Publications attached
Peer reviewed Manuscript.

Ghazal ArabiDarrehDor, Ali Tivay, Ramin Bighamian, Chris Meador, George C.
Kramer, Jin-Oh Hah and Jose Salinas "Mathematical Model of Volume Kinetics and
Renal Function after Burn Injury and Resuscitation”, In press, Burns 2020

Proceedings paper

Ali Tivay, George C. Kramer and Jin-Oh Hahn,. Virtual Patient Generation using
Physiological Models through a Compressed Latent Parameterization. Proceedings
of the 2020 American Control Conference

Denver, CO, USA, July 1-3, 2020

Abstract-Presentation

Ghazal ArabiDarrehDor, Ali Tivay, Ramin Bighamian, Chris Meador, George C.
Kramer,, Jin-Oh Hah and, Jose Salinas. "Development and Evaluation of a
Mathematical Model of Volume Kinetics and Renal Function after Burn Injury and
Resuscitation ", Published and presented online, Military Health Science Research
Symposium (MHSRS), 2020. *
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Jin-Oh Hahn't, Jose Salinas®
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Abstract

This paper presents a mathematical model of blood volume kinetics and renal function in response to burn
injury and resuscitation, which is applicable to the development and non-clinical testing of burn resuscitation
protocols and algorithms. Prior mathematical models of burn injury and resuscitation are not ideally suited
to such applications due to their limited credibility in predicting blood volume and urinary output observed
in wide-ranging burn patients as well as in incorporating contemporary knowledge of burn pathophysiology.
Our mathematical model consists of an established multi-compartmental model of blood volume kinetics, a
hybrid mechanistic-phenomenological model of renal function, and novel lumped-parameter models of
burn-induced perturbations in volume kinetics and renal function equipped with contemporary knowledge
on burn-related physiology and pathophysiology. Using the dataset collected from 16 sheep, we showed
that our mathematical model can be characterized with physiologically plausible parameter values to
accurately predict blood volume kinetic and renal function responses to burn injury and resuscitation on an
individual basis against a wide range of pathophysiological variability. Pending validation in humans, our
mathematical model may serve as an effective basis for in-depth understanding of complex burn-induced
volume kinetic and renal function responses as well as development and non-clinical testing of burn
resuscitation protocols and algorithms.

Keywords: Mathematical Model, Burn Injury, Burn Resuscitation, Non-Clinical Testing, Burn Resuscitation
Protocols and Algorithms

Introduction

Burn resuscitation is a major critical care challenge. Immediately post burn, a large amount of intravascular
fluid and protein is shifted into the interstitial space due to a chain of events initiated by the heat-induced
inflammatory response of the body [1], [2]. Subsequent plasma loss in the intravascular space
compromises cardiac performance, which may lead to end organ hypo-perfusion, ischemia, and death in
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severe burns [3], [4]. In critical care units, this loss is compensated for by fluid replacement therapies to
replenish blood volume (BV), guided by available burn resuscitation guidelines [5].

In today’s clinical practice, physicians frequently adjust fluid resuscitation regimen to maintain an adequate
urinary output (UO) as an indicator of fluid replacement [6]. But, there is a lack of consensus on the optimal
burn resuscitation strategy, in terms of the timing, amount, and type of fluids to be administered [7]-[10].
Considering that insufficient and delayed resuscitation may increase the mortality risk of burn patients [11],
prior therapy in burn units tended to conservatively over-resuscitate patients with excessive amount of fluids
up to twice as much as recommended [12], [13], exposing these patients to an elevated risk of side effects,
e.g., pulmonary edema, limb and abdominal syndromes, necrosis, and death [14], [15] (known as fluid
creep). Hence, optimizing burn resuscitation regimen may significantly contribute in reconciling the
maintenance of organ function and the minimization of adverse complications. Conventional evidence-
based approach to such optimization involves rigorous in vivo trials in animals and humans. In recent
years, both the U.S. and European regulatory agencies have expressed interest in the use of mathematical
models of physiological systems as a powerful non-clinical tool for developing and testing clinical therapies
[16]-[19]. Hence, a credible mathematical model capable of predicting patient’s physiological responses
(including BV and UO) to burn injury and resuscitation has the potential to streamline the development of
new optimal burn resuscitation regimen.

Prior work on mathematical modeling of burn injury and resuscitation exists. Arturson et al. [20]-[22]
developed a phenomenological model using datasets collected from a small number of burn patients. Roa
et al. [23]-[25] developed a hybrid mechanistic-phenomenological model using datasets collected from a
number of burn patients. Bert et al. [26]-[30] also developed a hybrid mechanistic-phenomenological model
using datasets collected from rats and humans. These models provide very good insights into the
complicated physiology and pathophysiology associated with the burn injury and resuscitation. But at the
same time, opportunities exist for improving the validity and versatility of existing mathematical models,
especially in the context of testing burn resuscitation protocols and algorithms. First, a subset of these
mathematical models cannot predict UO [26]-[30]. Such a limitation directly disqualifies a mathematical
model in the development and testing of burn resuscitation regimen based on UO feedback. Second, the
ability of the existing mathematical models to predict PV and UO was validated in a prohibitively small
number of patients [20]-[25] or only at the population level [26]-[30]. In addition, the ability of these
mathematical models to predict responses other than PV and UO are not reported in detail. Such lack of
validity evidence weakens the credibility of these mathematical models as basis for reproducing PV and
UO responses associated with wide-ranging burn patients. Third, a subset of the mathematical models
(especially those reported early) [20]-[25] do not incorporate contemporary knowledge of burn-related
physiology and pathophysiology, regarding in particular the burn-induced perturbations in blood volume
kinetics and renal function, lymphatic flow, and tissue pressure-volume relationships [2], [31]-[33]. Closing
these gaps may yield an enhanced mathematical model of burn injury and resuscitation better suited to the
development and testing of novel burn resuscitation protocols and algorithms.

This paper presents a mathematical model of blood volume kinetics and renal function in response to burn
injury and resuscitation, which is applicable to the development and non-clinical testing of burn resuscitation
protocols and algorithms. Our mathematical model consists of an established multi-compartmental model
of BV kinetics, a hybrid mechanistic-phenomenological model of renal function, and novel lumped-
parameter models of burn-induced perturbations in volume kinetics and renal function equipped with
contemporary knowledge on burn-related physiology and pathophysiology. We examined the efficacy of
our mathematical model in predicting volume kinetic and renal function responses to burn injury and
resuscitation using the dataset collected from 16 sheep.

This paper is organized as follows. Section Materials and Methods presents our mathematical model,
experimental dataset, and data analysis details. Section Results presents results, which are discussed in
Section Discussion. Section Conclusion concludes the paper with future directions.
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Material and Methods

Mathematical Model

Our mathematical model includes mechanisms and components to predict responses to burn injury and
resuscitation: (i) volume kinetics to describe water volume and protein concentration in the vasculature and
the tissues, (ii) renal function to describe UO response to vascular volume changes, and (iii) burn-induced
perturbations in volume kinetics and renal function as a cascade of biochemical, molecular, and mechanical
events (Fig. 1). Full details of the mathematical model, including all the equations, are provided in Appendix.

The volume kinetics (VK) was represented by a multi-compartmental model consisting of vasculature, intact
tissues, and burnt tissues. It describes the fluid and protein balance in each compartment and homeostasis
via capillary filtration and lymphatic flow as well as water gain (e.g., burn resuscitation) and loss (e.g., UO,
evaporation, and exudation) (see Section A.1). The renal function was represented by a novel lumped-
parameter model we developed in this work (Fig. Al; see Section A.2). It consists of hybrid mechanistic-
phenomenological components to describe UO control by the kidneys, including the glomerular filtration
rate (GFR) modulated by the Starling forces in response to the change in BV as well as the reabsorption
and sodium osmosis modulated by the antidiuretic hormone (ADH). The burn-induced perturbations in VK
and renal functions were represented by an array of phenomenological models, which describe local and
systemic pathophysiological changes induced by burn injury in the form of time-varying perturbations acting
on the parameters and variables in VK and renal function (shown as [a], [b], [c], [d],[e], and [f] in Fig. 1; see
Section A.3).

Experimental Data

Experimental dataset used to validate our mathematical model was formed by combining the two datasets
collected from two prior work under the approval of local Institutional Animal Care and Use Committee [34],
[35]. One dataset was obtained from a study conducted on adult sheep (N=8) with the median weight of
40kg and full-thickness burn injury of 40% total body surface area (TBSA). Burn resuscitation by lactated
ringers was initiated 1 hour post burn and continued for 48 hours. Resuscitation was performed to maintain
a target UO of 1-2ml/kg/h, which is considered as normal UO in sheep. Key measurements in the dataset
used in this work include hourly records of fluid infusion and UO, and more sparse measurements of
hematocrit (HCT; N=12 per sheep on the average). The other dataset was obtained from another study
conducted on adult sheep (N=8) with the median weight of 50kg and full-thickness burn injury of 30% TBSA.
Burn resuscitation by lactated ringers was initiated 2 hours post burn and continued for 224 hours, while
sheep were monitored for 72 hours. Resuscitation was performed to restore and maintain central venous
pressure and pulmonary wedge pressure. Key measurements in the dataset used in this work include fluid
infusion, UO, and HCT. In a subset of the sheep, measurements of protein concentrations in plasma, burnt
tissue, and intact tissue compartments, as well as fractions of lymphatic flow from burnt and intact skin to
vascular compartment at lymph nodes were made. These measurements were also used to validate our
mathematical model in this work. Table 1 summarizes the measurements available in our dataset.

We computed PV from HCT using a formula reported in prior work [36], [37] based on the assumption that
(i) the baseline BV of sheep is 63.5ml/kg and (ii) no blood loss occurred during the course of burn
resuscitation (so that red blood cell volume was preserved).

Table 1: Measurement availability in dataset used for mathematical model validation. N: number of subjects
associated with the measurement. PV: plasma volume. UO: urinary output. BT: burnt tissue. IT: intact
tissue. Albumin: albumin concentration.
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. Lymph Flow Lymph Flow Albumin Albumin Albumin
Fluid Dose | PV uo (BT) () (Plasma) (BT) (M)
N 16 16 16 6 8 5 2 2

Data Analysis

We examined the validity of our mathematical model as follows. First, we categorized the parameters in
the mathematical model into subject-invariant and subject-specific parameters. Second, we estimated the
values of subject-specific parameters by fitting the mathematical model to the measurements in the dataset
while fixing subject-invariant parameters to respective pre-specified values. Third, we examined the validity
of the mathematical model by analyzing the goodness of fit and estimated parameter values associated
with the mathematical model. Details follow.

First, we categorized the parameters in the mathematical model into subject-invariant and subject-specific
parameters. Subject-invariant parameters included (i) those (mostly associated with extensive properties
and mechanistic components in the mathematical model) whose values appear consistent in multiple prior
literatures (e.g., nominal water volume and albumin content in the vascular and tissue compartments and
the hydrostatic pressure in Bowman’s capsule), and (ii) those whose values must be selected to produce
mechanistically relevant physiological responses (e.g., parameters associated with the tissue compliance
model, which must be chosen to yield physically relevant tissue hydrostatic pressure for a range of tissue
volumes). The values of these subject-invariant parameters were mostly determined based on the existing
literature (see Table Al for specific literatures we used to determine these values). Subject-specific
parameters included (i) those whose values are anticipated to exhibit large inter-subject variability (e.g.,
burn-induced perturbations and nominal glomerular filtration coefficient), (ii) those whose values have rarely
been reported in the existing literature (e.g., capillary elastance and nominal lymphatic flow), and (iii) those
associated with phenomenological components in the mathematical model whose values are inherently
unknown. After all, a total of 58 parameters were categorized into 34 subject-invariant and 24 subject-
specific parameters.

Second, we estimated the values of subject-specific parameters by fitting the mathematical model to the
measurements in the dataset while fixing subject-invariant parameters to respective pre-specified values.
Considering that the amount of measurements in the dataset may not be sufficient to reliably estimate all
the 24 subject-specific parameters, we selected a small subset of sensitive subject-specific parameters and
estimated them while fixing the remaining insensitive subject-specific parameters to respective population-
average values. First, we determined population-average parameter values by fitting our mathematical
model simultaneously to all the measurements in all subjects in the dataset using the pooled approach [38].
Second, we estimated all 24 subject-specific parameters on the individual basis by fitting our mathematical
model to the measurements associated with each subject, by employing a regularized fitting that intends to
minimize the number of parametric deviations from the population-average values [39], [40]. Those subject-
specific parameters exhibiting deviations from population-average values in many sheep were chosen as
sensitive subject-specific parameters, which were confirmed via a post-hoc parametric sensitivity analysis.
This exercise resulted in 11 sensitive subject-specific parameters that must be estimated on the individual
basis (see Appendix A.5). Third, we estimated the 11 sensitive subject-specific parameters on the
individual basis by fitting our mathematical model to all the available measurements associated with each
subject while fixing the remaining 13 insensitive subject-specific parameters to respective population-
average values (and as well, fixing subject-invariant parameters to respective pre-specified values). Details
regarding the fitting of the mathematical model is provided in Appendix (see A.5). In sum, we derived 16
subject-specific mathematical models as well as a population-average mathematical model using the
dataset.

Third, we examined the validity of the mathematical model by analyzing the goodness of fit and estimated
parameter values associated with the mathematical model as follows. First, we examined the ability of our
mathematical model to predict PV and UO responses on the individual basis, in terms of normalized mean
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absolute error (NMAE), correlation coefficient, and the Bland-Altman statistics between actual PV and UO
measurements associated with each sheep in the dataset versus PV and UO predicted by our mathematical
model characterized with the corresponding subject-specific parameter values. Second, we examined the
ability of our mathematical model to predict physiologically plausible VK and renal function responses by (i)
guantitatively analyzing, on the individual basis, NMAE, correlation coefficient, and the Bland-Altman
statistics between actual lymphatic flow and albumin concentration associated with (a subset of) each
sheep in the dataset (see Table 1) versus lymphatic flows and albumin concentrations predicted by our
mathematical model characterized with the corresponding subject-specific parameter values, and also (ii)
qualitatively comparing VK and renal function responses predicted by our mathematical model
characterized by population-average parameters with contemporary knowledge on burn pathophysiology
and findings from recent studies. Third, we examined the physiological plausibility of our mathematical
model by comparing the subject-specific and population-average parameter values estimated by fitting the
mathematical model to the dataset with known typical values and those reported in the literature.

Results

Table 2 summarizes NMAE, correlation coefficient, and the Bland-Altman statistics (i.e., the limits of
agreement) associated with PV, UO, lymphatic flow, and albumin concentration predicted by the
mathematical model. Fig. 2 presents representative examples of measured versus model-predicted PV
and UO responses of two 40kg sheep subject to 40% burn whose PV was resuscitated (a) beyond the pre-
burn level and (b) just to the pre-burn level. Fig. 3 presents VK and renal function responses to burn injury
and resuscitation predicted by population-average mathematical model in response to population-average
burn resuscitation input.

Table 2: Normalized mean absolute error (NMAE; reported in median (IQR)), correlation coefficient (r), and
Bland-Altman limits of agreement (LoA) associated with plasma volume, urinary output, lymphatic flow, and
albumin concentration predicted by the mathematical model. PV: plasma volume. UO: urinary output. P:
plasma. BT: burnt tissues. IT: intact tissues. LoA: 95% limits of agreement (bias+/-2xSD).

PV [ml] UO [ml/h] Lymphatic Flow [ml/h] Albumin Concentration [g/I]
(N=16) (N=16) BT (N=6) IT (N=7) P (N=4) BT (N=2) IT (N=2)
NMAE [%] 16 (3) 17 (3) 17 (7) 17 (6) 19 (10) 7 (6) 17 (11)
r 0.82 0.66 0.92 0.91 0.85 0.98 0.85
LoA 50+/-404 -8+/-70 0.2+/-5.8 4+/-56 0.5+/-8.2 | -0.07+/-3.7 | 2.3+/-4.0
Discussion

In the lack of consensus on the optimal burn resuscitation regimen and extreme inter-patient physiological
variability in burn-induced responses, a credible mathematical model of burn injury and resuscitation may
provide a meaningful basis for development and non-clinical testing of burn resuscitation protocols and
algorithms in a wide range of patients. Existing mathematical models are associated with at least one of
the following limitations: they are (i) not capable of predicting physiological responses essential in
measuring the severity of burn injury and the effectiveness of resuscitation (including PV and UQO), (ii) not
rigorously validated to demonstrate the ability to capture formidable inter-patient variability in burn- and
resuscitation-induced responses, and (iii) often equipped with obsolete knowledge of burn pathophysiology.
Our goal was to develop a mathematical model of burn injury and resuscitation ideally suited to in-depth
understanding of complex burn-induced VK and renal responses as well as development and non-clinical
testing of burn resuscitation protocols and algorithms.
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Our mathematical model could adequately predict PV and UO responses to burn injury and resuscitation
(Table 2 and Fig. 2). In particular, the NMAE associated with our UO prediction was considerably smaller
than a recently reported black-box model [41] (30+/-6%) while the underlying UO variability was comparable
(44% (our dataset) versus 38% [41] in terms of the coefficient of variation (CoV)). In addition, the level of
prediction accuracy was reasonably consistent across subjects (3% in terms of IQR of NMAE for both PV
and UO). Further scrutinizing UO prediction, there was 89% agreement between measured and predicted
UO in terms of residing in the same range (<0.5ml/h/kg, 0.5-1.0ml/h/kg, and >1.0ml/h/kg) on the average.
This is an encouraging performance given that contemporary burn resuscitation protocols adjust
resuscitation dose based on UO range rather than its value. All in all, an important related implication is
that our mathematical model may be able to capture inter-patient variability in burn-related pathophysiology.
In fact, when characterized with individual-specific parameters, our mathematical model could reproduce
largely distinct burn- and resuscitation-induced PV and UO responses of apparently similar sheep. For
example, Fig. 2 suggests that our mathematical model predicts PV and UO responses associated with two
similar sheep of 40kg weight subject to the same 40% burn, but subject to largely distinct initial reduction
in PV (approximately 300ml versus 500ml) and its subsequent recovery (200ml versus 1ml above initial PV
level). Considering that VK (especially PV) and renal function (especially UO) are direct and surrogate
measures of burn resuscitation, respectively, our mathematical model may be adequate for the intended
context of use: development and testing of burn resuscitation protocols and algorithms.

In addition to PV and UO, our mathematical model could also predict various VK and renal responses to
burn injury and resuscitation not readily accessible via routine clinical measurements in a physiologically
plausible fashion. First, VK responses including protein concentrations and lymphatic flows predicted by
our mathematical model exhibited adequate agreement with experimental measurements (Table 2).
Second, all the VK and renal function responses predicted by our mathematical model exhibited behaviors
qualitatively consistent with contemporary knowledge on burn pathophysiology and findings from recent
studies in both individual and population-average senses. Fig. 3 presents responses predicted by the
population-average mathematical model. To mention a few, the model predicted that (i) PV and UO showed
an anticipated trend of initial decline upon the onset the burn injury and subsequent recovery with
resuscitation and also with the return of resuscitation fluid leaked into tissues back to vasculature >24 hours
post burn (Fig. 3(b), Fig. 3(c), and Fig. 3(e)) [1], [42]; (ii) burnt tissue volume increased up to twice its initial
value and peaked approximately at 10-20 hours post burn (Fig. 3(b)) [9]; (iii) intact tissue volume exhibited
the same trend but with smaller degree (up to 30% above its initial value; Fig. 3(b)) [9]; (iv) plasma albumin
was transported into burnt and intact tissues due to burn-induced perturbations in albumin reflection and
permeability-surface area coefficients (Fig. 3(d) and Fig. 3(k); see [e] in Fig. 1) as a result of burn-induced
increase in the capillary pore size that decreased the capillary pore radius ratio in both burnt and intact
tissue (Fig. 3(i)) [43]; and (v) GFR increased just hours post burn even before PV was restored [44] (Fig.
3(f)). Allin all, its ability to make physiologically plausible predictions of VK and renal function makes our
mathematical model suited for gaining sophisticated insights not directly available in routine clinical
measurements (e.g., UO). For example, our mathematical model predicts that on the average fluid creep
peaks at approximately 10 hours post burn and that more than 50% of the resuscitation fluid in the first 24
hours leaks into tissues to exacerbate edema instead of contributing to hemodynamic recovery, which is in
good agreement with the findings in the literature (Fig. 3(b) and Fig. 3(c)) [1], [14]. It also predicted that
sodium concentration decreased after burn injury and resuscitation, which is also consistent with the
findings in the literature [45] (Fig. 3(h)). Provided that rigorous development and testing of burn
resuscitation protocols and algorithms require comprehensive understanding and in-depth scrutiny of
complex VK and renal function responses to burn injury and resuscitation, this attribute may confer
additional credibility for the intended context of use on our mathematical model.

It is worth noting that our mathematical model could predict adequate PV and UO as well as physiologically
plausible VK and renal function responses while characterized with physiologically acceptable parameter
values. Infact, the majority of model parameters associated with physiological implications assumed values
comparable to typical values and/or those reported in the literature both on the individual and population-
average basis (Table 3). Such a physiological acceptability in the model parameter values suggests
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physiological plausibility (or perhaps even relevance) of our mathematical model, especially the novel
mechanisms and components we developed (e.g., our representations for the renal function and burn-
induced VK and renal perturbations). Itis also worth noting that our mathematical model embraces a wealth
of contemporary knowledge on burn physiology and pathophysiology based on findings in recent literatures,
including but not limited to burn-induced systemic increase in capillary pore radius [32] and GFR [44] as
well as highly nonlinear tissue compliance characteristics dictated by the glycosaminoglycans (GAG)
properties [46]. In fact, many of these new findings were made after the pioneering work by Arturson et al.
[20]-[22], Roa et al. [23]-[25], and Bert et al. [26]-[30] was conducted. Hence, they were inevitably not
incorporated in the existing mathematical models developed by these pioneering researchers. The
physiological and mechanistic plausibility of our mathematical model combined with its incorporation of a
range of contemporary knowledge on burn pathophysiology allows our mathematical model to predict PV
and UO as well as many VK and renal function responses essential to develop and test burn resuscitation
protocols and algorithms against a wide range of pathophysiological variability.

Our work has a number of limitations. First, we (somewhat implicitly) assumed that fluid transfers between
VK compartments are isotonic and that VK compartments are in electrolyte balance at all times. These are
tenable assumptions in that (i) electrolytes pass capillary walls easily, (ii) they are mixed with water quickly
and continuously, and (iii) burn resuscitation fluid considered in this work is isotonic lactated ringers. Hence,
we assumed that the primary factor governing the changes in electrolyte concentration in the body is related
to the change in sodium concentration due to water reabsorption in collecting ducts in the kidneys (which
was considered in our renal function model; see Section A.2). Our mathematical model was able to predict
VK and renal function responses reasonably well despite these simplifying assumptions, which suggests
that the assumptions may be adequate (or at least may not have had drastic impact on the efficacy of the
mathematical model). However, these assumptions may not be valid in case of burn resuscitation with fluid
other than lactated ringers. Hence, future work on expanding our mathematical model by removing these
assumptions is required. Second, our mathematical model only includes extracellular compartments but
not intracellular compartment. As a matter of fact, we initially considered intracellular compartment due to
its potential importance to electrolyte balance, but it ended up with adding unnecessary complexity to the
mathematical model without any meaningful improvement in the goodness of fit. Regardless, intracellular
compartment may need to be incorporated in order to broaden the applicability of our mathematical model
beyond lactated ringers. Hence, future work on expanding our mathematical model to include intracellular
compartment model of adequate complexity and efficacy may be rewarding. Third, the dataset used in this
work was associated with rather uniform injury severity (30%-40% TBSA). Despite a wide range of VK and
renal function responses in the dataset (Table 1), the narrow range of injury severity may have prevented
us from garnering additional insight into, e.g., the dependence of burn-induced perturbations on the injury
severity. Hence, future work is required to investigate the adequacy of our mathematical model (especially
its phenomenological models of burn-induced VK and renal function perturbations) under a wide range of
burn injury severity, and if needed, to improve the validity and efficacy of our mathematical model against
wide-ranging burn injury severity. Fourth, the mathematical model was not validated using extensive and
ideal VK and renal function measurements. In particular, PV was derived from hematocrit measurements.
Despite its well-known direct relationship to PV, its accuracy is not always perfect and is also impacted by
disturbances such as hemolysis. In addition, UO was the only renal function measurement used to validate
the mathematical model. We illustrated that our mathematical model, by virtue of mechanistic components
therein, can at least predict a large number of VK and renal function variables that are qualitatively adequate
(Fig. 3). Yet, future work must scrutinize the validity of our mathematical model using robust measurements
of more extensive set of VK and renal function measurements.

Conclusions
We developed a mathematical model of burn injury and resuscitation intended for use in the development
and non-clinical testing of burn resuscitation protocols and algorithms. Using the dataset associated with
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sheep, we demonstrated the potential of our mathematical model for such context of use: it could predict
PV and UO as well as a range of VK and renal function responses to burn injury and resuscitation by virtue
of its physiological and mechanistic relevance combined with contemporary knowledge of burn physiology
and pathophysiology. In order to establish its efficacy as a powerful non-clinical tool for developing and
testing burn resuscitation protocols and algorithms, effort must be invested to validate our mathematical
model in real-world burn patients associated with a wide range of physiological variability, injury severity,
and resuscitation protocol.

Appendix: Mathematical Model Details

A.1l. Volume Kinetics

The VK was represented by a classical multi-compartmental model consisting of vasculature, intact tissues,
and burnt tissues. It describes the water and protein balance in these compartments and homeostasis via
capillary filtration and lymphatic flow as well as water gain (e.g., burn resuscitation) and loss (e.g., UO,
evaporation, and exudation). The water and protein balance in each compartment was formulated based
on the mass conservation principle:

alVp) _

ar ~Jesr —Jeur + Jupr i +Jr = Ju, (1a)
% = Jepr —Jupr —Jex = Jev B (1b)
% =Jeur = Juir — Jevrs (1¢)
% = —Qcpr — Qcir + Qupr + Quir + QF, (2a)
% = Qcr — Qusr — Qex + Qpp, (2b)
% = Qcur — Quit (20)

where V is water volume, A is albumin content, J is water flow, and Q is albumin flow. The subscripts C, L,
F, U, EV, EX, and PD denote capillary filtration, lymphatic flow, fluid infusion, UO, evaporation, exudation,
and protein influx due to burn-induced denaturation (see A.3), respectively, while the subscripts P, BT, IT
denote plasma, burnt tissues, and intact tissues, respectively. Note that we assumed that albumin content
represents the protein content similarly to prior work [30], [47].

The capillary filtration was expressed using the Starling equation:
Jex = Kex[Pc — Py — ax (e — my)], (3

where X € {BT,IT}, P, and Py are the capillary and tissue hydrostatic pressures, ©. and my are the plasma
and tissue colloid oncotic pressures, and K. x and oy are the capillary filtration coefficient and the albumin
reflection coefficient associated with burnt (X = BT) and intact (X = IT) tissues, respectively. The colloid
oncotic pressure was expressed as a linear function of albumin concentration [47]:

e = ColAlp, mx = ColAlx, (4)
where C, is a constant relating albumin concentration to colloid oncotic pressure, and [A], = 3—” and [A]x =
P

3—" are the plasma and tissue albumin concentrations, respectively. The lymphatic flow was expressed by
X
a phenomenological model in the form of a sigmoidal curve:

32



JLx

]L’X - cL+(1—cL)e—5L(PX—pX)' (5)
where ], x is the nominal lymphatic flow at the nominal tissue hydrostatic pressure of Py, and C, and S, are
constants representing the maximal degree of increase in the lymphatic flow and the its sensitivity to the
change in the tissue hydrostatic pressure. Note that this phenomenological model can reproduce the real-
world behavior of the lymphatic flow despite its simplicity: (i) it primarily depends on the tissue hydrostatic
pressure [48]; (ii) it is proportional to the tissue hydrostatic pressure but eventually saturates; and (iii) it
reduces to zero at very low tissue hydrostatic pressure [49].

The albumin transport across the capillary wall was expressed based on the coupled diffusion-convection
equation [47], [50]:

(1-ox)Icx

_ _ [Alp—[Alxe PSx

Qcx =Jex(1—oy) _(-0x)jcx
PSy

, (6)

1-e

where X € {BT,IT}, and PS is the permeability-surface area coefficient. The albumin transport associated
with the lymphatic flow was expressed in terms of the lymphatic flow and the albumin concentration in the
tissues:

QL,X = ]L,X [Alx. (7)

The evaporation flow (Jgy x, X € {BT,IT} in Eq. (1b)-(1c)) and the exudation flow (Jzx in Eq. (1b) and Qg in
Eqg. (2b)) were expressed as phenomenological models based on prior work (see Section A.3). The burn
resuscitation (Jr in Eqg. (1a) and Qr in Eq. (2a)) is the input provided to the mathematical model.

The capillary (P;) and tissue (Pyx) hydrostatic pressures in Eq. (3)-(5) were expressed as functions of the
corresponding water volumes (V, and V). We assumed a linear phenomenological relationship between
P; and Vp:

Pe = Pc + Ec(Vp — Vp), (8)

where P, is the nominal capillary hydrostatic pressure associated with the nominal PV V,, and E is the
capillary elastance. We used a nonlinear mechanistic hydrostatic pressure-volume relationship associated
with the interstitial tissues at the microscopic level developed by @ien and Wiig [46], and extended it for
use with macroscopic measurements. The original model by @ien and Wiig expresses the tissue
hydrostatic pressure as a function of the radius R of the spherical glycosaminoglycans (GAG’s) therein:

PX:—%—F)/, (9)

where a and y are constant coefficients representing the impact of electrostatic pressure and tissue tension
pressure [46] on Py and

s n

R=ROx =R[1-(1-HE)] . (10)

where yy is the half-thickness of the extracellular matrix building block (which is a measure of hydration in
the tissue X at the microscopic level), y and ¥ are the maximum and minimum values of yy, R is the
maximum value of R, g is the ratio between maximum R and nominal R, and n is an exponent describing
the GAG response to hydration [46]. We extended Eq. (9)-(10) to compute Py from macroscopic rather
than microscopic (i.e., yy) measurement by assuming that yy is proportional to the water volume in the
tissues:
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yy = 0.75 (1 + Wy ;—i) (11)

where Wy is the nominal hydration level defined as the ratio of the water volume in X and its dry weight
[33], and the coefficient 0.75 was derived from the assumptions used in prior work of @ien and Wiig [33].

A.2. Renal Function

The renal function was represented by a novel lumped-parameter, hybrid mechanistic-phenomenological
model we developed in this work (Fig. Al). It consists of hybrid mechanistic-phenomenological components
to describe UO control by the kidneys, including the glomerular filtration rate (GFR) modulated by the
Starling forces in response to the change in BV as well as the reabsorption and sodium osmosis modulated
by the antidiuretic hormone (ADH). UO is given by the difference between the GFR (J;rz) and the
reabsorption rate (RR; Jgg):

Ju =Jerr — Jrr- (12)

A.2.1. Glomerular Filtration
GFR is dictated by the Starling forces:

Jorr = K[Pg — Pg — 05 (g — mp)] = Kg[Ps — Pp — 5], (13)

where P; and P are the hydrostatic pressures associated with the glomerular capillaries and the Bowman’s
capsules, m; and my are the colloid oncotic pressures associated with the glomerular capillaries and the
Bowman’s capsules, K; is the glomerular filtration coefficient, and o is the glomerular albumin reflection
coefficient. Noting that the membranes in the glomerular capillaries do not allow the passage of albumin,
we assumed g; = 1 and z = 0 in Eq. (13).

P; depends on the renal plasma flow (RPF), a fraction of CO, which is perturbed by the fluctuations in PV
but is also regulated by the tubulo-glomerular feedback (TGF) [51]. Assuming that CO is proportional to
PV:

Vp
v

Jrpr = JrpPF (14)
where Jrpr is RPF, and Jzpr is its nominal value corresponding to the nominal PV V,. The perturbations in
Jrpr due to the fluctuations in PV induced by burn injury and resuscitation are strictly compensated for with
the modulation of the renal capillary resistance (called the glomerular resistance [52]) controlled by TGF.
We expressed TGF as simple phenomenological dynamic modulation of a hypothetical glomerular
resistance R;:

dAR K _
Tr6F TG = —AR; + ]—CT;;;: Ugrr — JorR): (15)

where AR; = R; — R is the modulation of R, from its nominal value R; enforced by TGF, 7,4 and Kygr
are the time constant and the sensitivity associated with TGF, and J;z is the nominal value of GFR. Noting
that P; is proportional to RPF and inversely proportional to R;; (since an increase in R results in a decrease
in RPF), we expressed P; as a simple phenomenological function of Jzpr and R;:

PG = AG ]Rﬂ, (16)
Rg
where A, is a constant coefficient representing the sensitivity of P; to Jzpr and R;;.

We assumed that Py is constant. Indeed, Py hardly varies except in rare cases, e.g., when the urinary tract
is obstructed [53].
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We expressed m; as a function of 7, (see Eq. (3)) based on the idealistic assumption that albumin content
is conserved in the renal capillaries and in the glomerular capillaries:

[AlcJrpr = [AlgUrpr — Jerr) — [Alg = ﬁm]c = 1—51(;FR [Alc, (17)
_ JGFR

where [4]; is the glomerular albumin concentration and egzg is the filtration fraction [54]. Hence,

" JreF
based on the assumption that C,; = Cy, i.e., the relationship between albumin concentration and colloid

oncotic pressure is the same in the renal capillaries and in the glomerular capillaries, m; can be expressed
by the following for small &;pg:

Mg = ne = (1 + gepp)mc. (18)

1-£GFR

Plugging Eg. (16) and Eq. (18) into Eq. (13) yields the following expression for GFR:

_Kalwer 3 KR _ p ). (19)

GFR JRPFtKGTC Rg

Note that GFR is now expressed in terms of PV (Jzpr; See Eq. (14)) and plasma albumin content (rz.; see
Eq. (4)). Hence, our hybrid mechanistic-phenomenological model of GFR allows us to represent GFR using
macroscopic VK.

A.2.2. Reabsorption
RR (Jrr) is dictated by the modulation of glomerulotubular balance (GT; Jrg ¢r) and ADH (Jrr apn):

Jrr = Jrr,cT + JrR,ADH- (20)

GT modulates the proximal tubules so that approximately 20% of GFR reaches the collecting ducts (Jgg ¢r =
0.8/¢rr) [55], [56]. The ADH content is modulated by baroreceptor (due to changes in BV) and
osmoreceptor (due to changes in the sodium concentration ([Na']) in the blood) to control RR at the
collecting ducts [54], [57]. We expressed the dynamics of the ADH content by the following
phenomenological model:

d(ADH)
dt

(—AVPAVP+/1[Na+]A[Na+])

14
= KADHB - 0'27KADH[ADH]%_0'73KADH[ADH] é, (21)

J
T

where ADH is the ADH content in the extracellular fluid, K,py is the nominal ADH secretion rate, 4,, and
A[Na+] are positive constant coefficients representing the sensitivity of ADH secretion on the changes in PV

and [Na*], and [ADH] is ADH concentration in the extracellular fluid:

ADH
Eq. (20) indicates that ADH secretion increases if PV decreases and/or [Na*] increases [54]. The
coefficients 0.27 and 0.73 come from the notion that ADH is excreted in the kidneys (27%; proportional to
GFR [58]) and the liver (73%; proportional to hepatic blood flow, and therefore, approximately to PV [59]).

_JrRADH 44 control RR at the collecting ducts. We
JGFR—JRR,GT

adopted the Michaelis-Menten equation to express the relationship between [ADH] and the ez [57]:

ADH modulates the reabsorption fraction (RF) ezg =

_ [ADH]
Err = Kgr [ADH]50+[ADH]’

(23)

where Kgg is the maximum RF, and [ADH]s, is the ADH concentration corresponding to &gz = %KRR.
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We computed [Na*] in Eg. (21) based on the idealistic assumption that sodium content is conserved in the
body (including the collecting ducts) after burn injury and resuscitation:

[Nat] = [RRADH [N (24)

JRR,ADH

where [Na*] is the nominal sodium concentration corresponding to the nominal RR Jzz apy. That the
change in [Na*] primarily depends on Jz 4oy May be justified to an extent because Jpz 4py CONSsists of pure
water diluting the plasma [57].

Substituting Eq. (19), Eq. (20), and Eq. (23) along with Jzr ¢+ = 0.8/5rr into Eq. (12) yields the following
expression for UO:

KGJrpF(VP) [, JRPF(VP) ]
2 — Py —1m | (1 — €pp). 25
TrRpr+KoTe Rg B c|( RR) (25)

Ju =Jerr — Jrr = Jerr _]RR,GT _]RR,ADH ~

Note that UO is now expressed in terms of PV (Jzpr; See Eg. (14)) and plasma albumin content (r.; see
Eq. (4)), and ADH concentration. Hence, our hybrid mechanistic-phenomenological model of UO allows us
to represent UO using macroscopic VK and ADH dynamics.

A.3. Burn-Induced Pathophysiology in Volume Kinetics and Renal Function

The burn-induced pathophysiological perturbations in VK and renal functions were represented by an array
of phenomenological models, which describe local and systemic pathophysiological changes induced by
burn injury in the form of time-varying perturbations acting on the parameters and variables associated with
VK and renal function. Local perturbations, restricted to burnt tissues, include: (i) destruction of capillaries
in burnt tissues [2], (i) denaturation of protein in burnt tissues [31], [43], [60], (iii) transient negative
hydrostatic pressure in burnt tissues [60], [61], and (iv) dermal fluid loss [62], [63]. Systemic perturbations
include: (i) time-varying changes in capillary filtration and albumin transport [32] and (ii) vasodilation [64].

We devised a universal function, ¢(t), to represent the time-varying perturbations in all the VK and renal
function parameters and variables:

S (Mw, Ay, Ao, t) = My, (e~ 11wt — e_lz'wt)v (26)

where My, is the maximum perturbation (occurring after the onset of burn injury), 1, and 4, are the slow
time constant and fast time constant associated with the decay of the perturbation, all corresponding to a
specific perturbation W. The parameter u denotes the ratio of 4,,, to 4,,,. We used Eq. (26) to express
systemic perturbations as well as transient negative hydrostatic pressure in burnt tissues: W €
{agr, a;1, Pc, Pgr}, where agy and a;; are pore ratios associated with burnt and intact tissues (see below for
details).

A.3.1. Local Pathophysiology

We expressed the destruction of capillaries in burnt tissues as a decrease in the capillary filtration coefficient
K¢ pr and permeability surface area coefficient PSpr by a factor of kpp x (see Eq. (32)) [2]. We expressed
the denaturation of protein as a protein influx Qpp into burnt tissues [31], [43], [60] (see Eq. 2b):

Qpp = Qppe PP, (27)

where Qp, is the protein influx immediately post burn, decaying with a time constant of 1,,. We expressed
the transient negative hydrostatic pressure in burnt tissues using ¢(t) in Eq. (26) as follows:

APBT (t) = _¢(MPBTJ /‘ll,PBTJ /‘IZ,PBTI t)' (28)
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where APg;(t) is the burn-induced perturbation in the hydrostatic pressure in burnt tissues. The overall
hydrostatic pressure in burnt tissues is computed by combining Eqg. (9) and Eq. (28):

+y - ¢(MPBT' Mpgpr A2, pgp t)- (29)

a
R(yBT)

a

Pyr(t) = - R(yBT)

+Y+APBT=_

We used phenomenological models of evaporation and exudation reported in prior work [65], [66]:

Joree = e, 15 o o
Jevar = Ky gy (1 — €5)Sp, (30b)
Jex = KexepSpe Ext, (31a)
Qx = JexNex[Alsr, (31b)

where K gy > 0, K, gy > 0 and Kgx > 0 are constant coefficients, and A,y > 0, 4,z < 0 and Agy < 0 are
time constants, &5 is the fraction of body surface subject to burn, Sg is TBSA, and rngy is the ratio between
the albumin concentration in the exudate and the albumin concentration in the burnt tissues [30].

A.3.2. Systemic Pathophysiology

We expressed the systemic impact of burn injury as time-varying changes in the capillary filtration, albumin
reflection, and permeability-surface area coefficients (representing perturbations in capillary filtration and
albumin transport) as well as capillary hydrostatic pressure (representing perturbation in vasodilation). By
capitalizing on the pore theory of trans-capillary exchange [67], [68], we expressed the capillary filtration,
albumin reflection, and permeability-surface area coefficients associated with burnt and intact tissues as
functions of the pore radius ratios ay, X € {BT,IT}, defined as the ratio between the albumin radius and
capillary pore radius:

Kcx = Kcxkppx Z—g, (32a)

oy =1—(1—ay)? (32b)
_ 72 (1-a2

PSy = PSykppx ‘(*1"_(&)25‘;‘)22 , (32¢)

where K. x, PSx, and @y are the nominal values of K. x, PSx, and ay, adjusted for the water fraction in burnt
and intact tissues, weight, and capillary recruitment [30]:

KC,BT = I?CEBTFVUCR' I?C,IT = Ec(l — EpTry)NcR: (33a)
P_SBT = P_S£BTFVWCR' P_SIT = P_S(l — &Trv MR, (33b)

where K, and PS are nominal capillary filtration and permeability surface area coefficients in the absence
of burn injury, neg = (2;—” - 1), and rgy is the fluid volume ratio between the skin and the total interstitial
P

compartment [30].

Note that kpp = 1 if X = IT, because capillary destruction does not occur in intact tissues. We expressed
the burn-induced changes in these coefficients by formalizing the burn-induced changes in the capillary
pore radius ratios using Eq. (26):
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aX(t) = aX - ¢(MIZX!)'1,(ZX! )'2,05)(' t)
We likewise expressed the burn-induced change in capillary hydrostatic pressure [64] using Eq. (26):

AP (1) = ¢(MP(;' Al,Pcv AZ,P(;! t).

The overall capillary hydrostatic pressure is computed by combining Eq. (8) and Eg. (35):

Pe =P+ Ec(Vp = Vp) + AP (t) = Pc + Ec(Vp — Vp) + ¢(Mpy, Ay pps Az pps £)-

A.4. Model Parameters: Nomenclature, Definitions and Values

(34)

(35)

(36)

Table Al: Mathematical model parameters: definitions, categories (I/S), and values. I: subject-invariant
parameters. S: subject-specific parameters. The vales are given as mean, median (IQR), or mean+/-SD.

Symbol — Value Value
: Definition Vs (Model) (Literature)

BV Nominal blood volume [ml/kg] | 63.5 63.5 [69]

Vo Nominal water volume in plasma [ml/kg] | 42.8 42 [70]-46 [30]
TRy Skin fluid volume to total interstitial fluid volume ratio [] | 0.28 0.28 [30]
Ver Nominal water volume in burnt tissue [ml/kg] | 120&T py 120¢5T Ry [30]

Vir Nominal water volume in intact tissue [ml/kg] | 120(1 — g5 py) 120(1 — &7 Fy) [30]
[45] Nominal albumin concentration in plasma [g/ml] | 0.059 0.059 (0.004) [35]
[Azr] Nominal albumin concentration in burnt tissue [g/ml] | 0.028 0.028 [35]
[4;r] Nominal albumin concentration in intact tissue [g/ml] [ 0.028 0.028 [35]

Ap Nominal albumin content in plasma [g] I [Ap]Vp -

Apr Nominal albumin content in burnt tissue [g] I [Apr1Vsr -

A Nominal albumin content in intact tissue [g] I [Ar1Vir -

Jc Nominal capillary filtration [ml/kg-h] S 1.53 (0.19) 1.72 [29]

Co Colloid oncotic pressure constant [mmHg/g-ml] | 250 250 [35]

A Nominal total lymphatic flow to plasma [ml/kg-h] | 1.07 (0.19) 1.08 [30]
JisT Nominal lymphatic flow from burnt tissue to plasma [ml/kg-h] I JLesTFY JoesTFy [30]
Jumr Nominal lymphatic flow from intact tissue to plasma [ml/kg-h] [ J.(1— egTRy) J.(1 — egTEy) [30]

C, Lymphatic maximal increase coefficient [:] S 0.29 (0.21) -

S, Lympbhatic pressure sensitivity coefficient [1/mmHg] S 6.44 -

P Nominal hydrostatic capillary pressure [mmHg] S 8.0 (0.5 6.7 (0.8) [71]

E; Capillary elastance [mmHg/ml] S 0.0139 0.0097 [47]

a Tissue electrostatic pressure coefficient [mmHg] | 10 10 [46]

y Tissue tension pressure coefficient [mmHg] | 3.75 3.75 [46]

v Maximum half-thickness of the extracellular matrix [:] | 4 4 [46]

¥y Minimum half-thickness of the extracellular matrix [-] | 1 1[46]

R Maximum GAG radius [] I 3.5 3.5 [46]

B Radius threshold ratio [-] | 0.23 0.23 [46]

n Hydration response coefficient [-] | 8 2-8 [46]

Wy Nominal hydration level [ml/g] | 0.66 0.23-0.81 [33], [46]
JrpE Nominal renal plasma flow [ml/kg-h] | 536 536 [72]
Trgp Tubuglomerular feedback time constant [1/h] S 0.35 (0.33) -

Krep Tubuglomerular feedback sensitivity [-] S 5.75 -

R; Nominal glomerular resistance [mmHg/ml/kg-h] | 12.34 -

A Glomerular hydrostatic pressure sensitivity [mmHg?(ml/h-kg)?] | 1 -

Py Hydrostatic pressure in Bowman’s capsules [mmHg] | 18 18 [53]

K; Glomerular filtration coefficient [ml/kg-h-mmHg] S 9.2(1.2) 9.6-12.0 [73]
Kipu Nominal ADH secretion rate [pg/kg-h] | 287 287 [58], [59]

Avp ADH sensitivity to plasma volume change [1/ml] S 0.0017 (0.0008) -

Ana*] ADH sensitivity to sodium concentration change [I/mEq] S 0.087 -

Kpg Maximum collecting duct reabsorption fraction [-] | 0.999 -

[ADH]s, ADH concentration corresponding to %KRR [pg/mi] S 0.0628 -
[Na*] Nominal plasma sodium concentration [mEq/I] I 142 142 [74]
JrRADH Nominal water reabsorption rate in the collecting ducts [-] S 0.933 (0.01) 0.97 [55]
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0pp Protein influx post burn [g/h] S 72.98 (53.23) -
App Protein influx decay rate [1/h] S 10 -
Mp . Maximum burnt tissue hydrostatic pressure perturbation [mmHg] S 38 30 [60]
Mpor Burnt tissue hydrostatic pressure perturbation slow decay rate [1/h] S 5.48 -
U The ratio between slow decay rate to fast decay rate [-] S 356 -
Azpar Burnt tissue hydrostatic pressure perturbation fast decay rate [1/h] | 8A1ppr -
Ki gy Nominal tissue evaporation rate [ml/h-m? | 18.48 18.48 [66]
Aigy Evaporation growth rate [1/h] | 0.073 0.073 [66]
K, gy Maximum evaporation rate [ml/h-m?] [ 28.68 28.68 [66]
Ay gy Evaporation decay rate [1/h] | -0.0052 -0.0052 [66]
£ Fraction of body surface subject to burn [-] S 0.3-0.4 dataset
Sg Total body surface area [m?] | 1 1.07+/-0.16 [75]
Kex Maximum exudation rate [ml/h-m?] | 25 25 [65]
Apx Exudation decay rate [1/h] | -0.0038 -0.0038 [65]
Ngx Exudate to tissue albumin ratio [-] S 0.69 0.75 [30]
a Nominal albumin to capillary pore radius ratio [-] S 0.82 0.7-0.9 [47]
Kpp T Capillary destruction fraction [-] S 0.56 0.50 [28]
Mg, Maximum pore ratio perturbation in burnt tissue [-] S 0.37 0.30 [31]
Mg, Maximum pore ratio perturbation in intact tissue [-] S 0.16 (0.11) 0.19 [76]
Mg Pore ratio slow decay rate [1/h] S 0.030 0.025 [30]
Ara Pore ratio fast decay rate [1/h] | U4 o -
Mp,. Maximum capillary hydrostatic pressure perturbation [mmHg] S 19 (12) 23+/-5 [64]
Ape Capillary hydrostatic pressure perturbation slow decay rate [1/h] S 0.54 (0.08) -
Azpe Capillary hydrostatic pressure perturbation fast decay rate [1/h] | UAip, -

A.5. Model Fitting via Numerical Optimization

A.5.1. Classification of Sensitive and Insensitive Subject-Specific Model Parameters

We selected 24 subject-specific parameters in the mathematical model that must be estimated using the
datasets, as described in Material and Methods. One dataset [34] had 60 measurements on the average
(including 12 PV and 48 UO measurements), while the other dataset [35] had 161 measurements on the
average (including 24 PV, 24 UO measurements, 41 lymphatic flow associated with burnt tissues, 50
lymphatic flow associated with intact tissues, 10 plasma albumin concentration, 7 burnt tissue albumin
concentration, and 5 intact tissue albumin concentration). The datasets were not deemed too sparse to
estimate the subject-specific parameters. But, the amount of measurements in the datasets may not be
rich enough to robustly estimate all the 24 subject-specific parameters. Hence, we selected and estimated
a subset of sensitive subject-specific parameters on the individual basis while fixing the subject-invariant
and insensitive subject-specific parameters to appropriate pre-specified and population-average values.
To classify the subject-specific parameters into sensitive and insensitive categories, we examined and
compared the degree of inter-individual variability associated with all the subject-specific parameters. First,
we determined the population-average parameter values 8 by fitting our mathematical model to minimize
the cost function in Eq. (37) using the pooled approach [38]:

d 2

0 = arg mein]_(e) = argmin N Zj‘_/’;( zng) , (37)
where 6 is the vector of subject-specific parameters, N is the number of subjects (=16), M; is the number
of physiological variables measured in the subject i (e.g., M;=2 if PV and UO were measured), D;; is the
number of measurements associated with the physiological variable j in the subject i during the initial 48
hours, yidj(tk) is the value of the physiological variable j associated with the subject i measured at time ¢,
i (ty, 0) is the value of the same physiological variable at time t, predicted by the mathematical model for
a given 6, and Y;; is the normalization factor for the physiological variable j associated with the subject i,

which is defined as the range of yidj multiplied by D;; (so that the normalized errors associated with all the
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physiological variables have comparable magnitudes across all subjects). Second, we estimated all the 24
subject-specific parameters 6; associated with the subject i by fitting our mathematical model to all the
measurements associated with the subject i to minimize the cost function in Eq. (38), using a regularized
fitting that minimizes the number of parametric deviations from the population-average values [39], [40]:

Yij

d 2 _

0; = argmein]l-(e) = arg mgin \/27:11< iLM) + 2,2 |%19(1)|’ (38)
where 4, is the regularization weight and 0, is the normalization factor for the I-th element 6(1) of 8, which
is defined so that all the elements in 6 are ranged approximately between 0 and 1 (note that such 6, can
be estimated by, e.g., solving Eq. (38) with 1, = 0.05 and setting 6, as the inter-individual variability of the
corresponding element 8(1)). Third, using 6; thus estimated from all the 16 subjects, we computed the
average normalized deviation of each element in ;. Then, we selected those elements of 6; associated
with deviations thus computed larger than a threshold value as sensitive subject-specific parameters. We
set the threshold deviation as 10% based on empiric trial and error, which yielded 12 sensitive subject-
specific parameters. Post-hoc parametric sensitivity analysis indicated that the mathematical model was
not actually sensitive to one of them, which was thus removed. This exercise yielded a total of 11 sensitive
subject-specific parameters (Table A2).

Table A2: Sensitive subject-specific parameters and their average normalized deviations from population-
average values.

Parameter Trgr Mg, Je Jrr.api Avp Mp,. Ao C, P Qrp K
Deviation [%] 48.2 18.8 16.9 16.7 16.4 15.3 14 13.2 11.6 11.5 10.3

A.5.2. Model Fitting and Estimation of Subject-Specific Model Parameters

We estimated the 11 sensitive subject-specific parameters selected above on the individual basis by fitting
our mathematical model to all the available measurements associated with each subject to minimize the
cost function in Eq. (39), while fixing the remaining 13 insensitive subject-specific parameters to respective
population-average values (@ in Eq. (37)), and as well, fixing the subject-invariant parameters to respective
pre-specified values (see Table Al):

- 2
Dy [j0-yij(ed)| ) (39)

g; = arg rr%infi(é) = argmin \/Z;ﬁl( k=1 Yij

where 6 is the vector of sensitive subject-specific parameters, and ; is 8 estimated for the subject i.

A.5.3. Numerical Optimization Details

The complexity and nonlinearity associated with our mathematical model strongly suggest the non-convex
nature of the numerical optimization problems in Eq. (37)-(39). To derive robust estimates of parameters
from our numerical optimization problems, we used multiple initial conditions and tight parameter bounds
as follows. First, we used a multi-start gradient descent method in MATLAB (“globalsearch” in conjunction
with “fmincon” commands). We empirically selected user-configurable settings (e.g., the number of initial
conditions) so that the numerical optimization could yield accurate parameter estimates when simulated
measurements associated with the population-average model (i.e., our mathematical model characterized
by 8 in Eq. (37)) are inputted to Eq. (39). Second, we enforced tight parameter bounds as constraints in
solving the numerical optimization problems to effectively guide the solution into a mechanistically plausible
parameter space. We carefully specified many of these bounds by leveraging the prior knowledge on the
parameter values (see Table Al). Itis noted that we intended to also avoid overfitting with these parameter
bounds. Since the amount of measurements in our datasets may not be sufficiently large to robustly solve
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our numerical optimization problems, mechanistically plausible parameter bounds are expected to benefit
in preventing overfitting against measurement noises and errors by keeping the parameter estimates from
assuming mechanistically illegitimate values.

All'in all, our approach to solve the model fitting problem in Eq. (39) by incorporating (i) a small number of
sensitive subject-specific parameters, (ii) multi-start gradient descent, and (iii) parameter bounds appeared
to be effective: when Eg. (39) was solved using simulated measurements associated with the population-
average model repeatedly, NMAE<0.1% was consistently achieved, and all the 11 sensitive subject-specific
parameters had very small errors of <3%.
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Fig. 1: Mathematical model to predict responses to burn injury and resuscitation. It includes volume kinetics
to describe water volume and protein concentration in the vasculature and the tissues (“Plasma”, “Burnt
Tissues”, “Intact Tissues”, “Capillary wall”, and “Tissue Surface”), renal function to describe UO response
to vascular volume changes (“Kidneys”), and burn-induced perturbations in volume kinetics and renal
function (denoted as “[a]” to “[f]"). J: water flow. Q: albumin flow. Subscripts: C (capillary filtration); L
(lymph flow); F (fluid infusion); U (UO); RPF (renal plasma flow); EX (exudation); EV (evaporation); PD
(protein denaturation); BT (burnt tissues); IT (intact tissues). [a]: Destruction of capillaries in burnt tissues.
[b]: Denaturation of protein in burnt tissues. [c] Transient negative hydrostatic pressure in burnt tissues.
[d]: Increased dermal fluid loss. [e]: Time-varying changes in capillary filtration and albumin transport. [f]:
Vasodilation.
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Fig. 2: Measured versus model-predicted plasma volume (PV) and urinary output (UO) responses of two
40kg sheep subject to 40% burn. Circles: measured responses. Solid lines: model-predicted responses.
Dashed lines: measured fluid dose. (a) Sheep with PV resuscitated 200ml beyond pre-burn level 48 hours
post-burn. (b) Sheep with PV resuscitated just up to pre-burn level 48 hours post burn.

2500 15005 150 -
— E <
EZOOO 1000 g =100 e
(a) = 1500 2 £ ALY
o
B e 50 S Q 50
=
500 T = 0 :
0 10 20 30 40 10 20 30 40
2500 < 150
— 2000 E < o
= 100
E (] E
(b) —1500 o = o
(a
1000 [ - D
S
o

10 20 30 40
Time [h]

23

47



Fig. 3: Volume kinetic and renal function responses to burn injury and resuscitation predicted by population-
average mathematical model. V: water volume. Facc: accumulated fluid. RFapn: reabsorption fraction due
to ADH (see A.2). a: capillary pore radius ratio (see A.3). Jc: capillary filtration. Qc: albumin transport
across the capillary wall. J.: lymphatic flow. In (b) and (d), blue solid, orange dash-dot, and brown dotted
lines are plasma volume as well as burnt and intact tissue volumes, respectively. In (c), blue solid and
orange dash-dot lines are accumulated resuscitation fluid volume and fluid creep, respectively. In (i)-(I),
orange dash-dot and brown dotted lines correspond to burnt and intact tissues, respectively.
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Fig. Al: Schematic of renal function model. Jppr: renal plasma flow. J;zz: glomerular filtration rate (GFR).
Jrrgr- reabsorption rate due to modulation of glomerulotubular balance. Jrg 4py: reabsorption rate due to
modulation of ADH. J,;: UO. R;: hypothetical glomerular resistance modulating Jrpr against perturbations
in plasma volume.
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Abstract—This paper presents a data-driven approach to
generating virtual patients using mathematical models of
physiological processes. Such models often contain a large
number of tunable parameters that must be calibrated to
capture the observed characteristics of each real patient in a
dataset. By sampling from this parameter space, potentially
new virtual patients can be generated. However, it is often the
case that the resulting set of virtual patients contains members
that exhibit physiologically unrealistic behavior. In the present
work, we employ a practically important case study on the
modeling of cardiovascular responses to hemorrhage and fluid
resuscitation in order to demonstrate that subject-specific
characteristics observed in a dataset can be alternatively
represented within a highly compressed latent parameter space
without significant losses in calibration error for each real
patient. Then, we show that by sampling from this latent
parameter space, it is possible to generate new virtual patients
that also exhibit physiologically realistic behavior.

[. INTRODUCTION

The task of automating patient care using planning and
control algorithms is worthy of extensive research attention
due to its potential for achieving superiority in vigilant and
precise performance of patient care routines, especially for
critically ill patients. However, effective prototyping and
testing of such algorithms are currently challenging due to
the expensive nature and ethical limitations of conducting
clinical trials on real patients.

Testing patient care algorithms based on populations of
virtual patients is a promising direction that can potentially
replace clinical trials in the early stages of algorithm and
device development, increasing the maturity of the designs
before they advance to more expensive stages of testing. For
this purpose, using mathematical models of physiological
processes as virtual patients has recently received notable
attention in the research community [1]. To name a few: the
diabetes simulator introduced in [2] is used to develop and
test artificial pancreas control algorithms; the model of
hemodynamic responses to hemorrhage presented in [3] has
been used in a hardware-in-the-loop setup to test fluid
resuscitation algorithms [4]; a synthetic virtual cohort of
heart electro-grams has been used in [5] to run computer-
aided clinical trials for implantable cardiac devices; and
models of physiological responses to interacting drugs have
been used in [6] to develop and test medication control
algorithms. In addition, the U.S. Food and Drug
Administration (FDA) has recently acknowledged the
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potential for computer simulations to complement regulatory
submissions for new medical devices [7].

To reproduce the behavior of real patients in the form of
virtual patients, a dynamic model of relevant physiological
mechanisms is needed. Such models often consist of
differential equations with possibly nonlinear elements and
appropriately defined input-output signals, and a potentially
large number of tunable parameters [8]-[10]. Generating
virtual patients in this scenario consists of sampling from a
distribution over the model parameters. A prevalent approach
to conduct this sampling is to identify parameter values based
on a dataset of subjects and use the identified models as
virtual patients (e.g. as in [4], [11]). Alternatively, suitable
physiological ranges for each parameter (calculated from the
literature or based on the calibration of the model to a
dataset) can be sampled to obtain potentially larger cohorts
(e.g. as in [5], [12]). In some cases, additional information
may be available about the distribution of each parameter
and/or the relationship between the parameters, which can
also be incorporated into the sampling procedure (e.g. as in
[2], [13]). Furthermore, data “bootstrapping” can also be
cited as a generation method, where subsets of data are
randomly sampled and the corresponding maximum-
likelihood parameter estimates are regarded as new virtual
patients [14].

The possibility of generating virtual patients with realistic
and reliable behavior through sampling from the parameter
space of a model is limited by at least two important
challenges: First, parameter values associated with a
physiological system may be related in potentially unknown
ways, and thus breaking relations by independently sampling
from each model parameter could create virtual patients that
would not have existed in reality. Second, a vast array of
mathematical models proposed in biology and physics are
known to exhibit the “sloppiness” property [15] (i.e., a lack
of practical identifiability [16], [17]) in many directions in
their parameter space, which is known to cause parameter
estimates to drift out of proportion during model calibration,
giving larger-than-reality values for parameter ranges, which
can in turn result in unrealistic virtual patients when sampled.
As an effective ad-hoc solution, objectively un-realistic
simulations can be omitted from a virtual population after
sampling from the parameters [18], however, a systematic
way of generating virtual patients that takes into account both
parameter interactions and parameter sloppiness is desirable.

In an attempt to address this challenge, we investigate the
generation of virtual patients through sampling from a
compressed latent parameter space for the model, where both
parameter interaction and sloppiness are minimal. Focusing
on a practically important case study on the physiological
modeling of cardiovascular responses to hemorrhage and
fluid resuscitation, a model structure is first presented that
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can be used to simulate changes in blood hematocrit (HCT),
cardiac output (CO), and mean arterial pressure (MAP) in
response to hemorrhage and fluid resuscitation. Then, using
patient-specific data available for HCT, CO, and MAP over
time, the parameters of the model can be calibrated to match
its behavior to each real patient. For this purpose, we
introduce a compressed latent parameter space for the model
where variabilities across different patients are represented by
variations in a few latent directions, without significant losses
in calibration error. Then, we demonstrate that it is possible
to generate new virtual patients that exhibit realistic behavior
by sampling from this latent parameter space.

II. CASE STUDY: MODELING CARDIOVASCULAR RESPONSES
TO HEMORRHAGE AND FLUID RESUSCITATION

Hemorrhage (bleeding) is a serious event that can be
incident in critical patients and patients subjected to trauma,
the effects of which can be counteracted with appropriate
fluid resuscitation. To generate virtual patients that can help
design and test automated fluid resuscitation algorithms, a
dynamic model is needed to represent the macroscopic
responses of the cardiovascular system to both hemorrhage
and fluid resuscitation. In this section, we present such a
model structure.

Fig. 1 shows a schema of the proposed model structure
for the macroscopic response of the cardiovascular system to
fluid perturbation. We consider the following equations for
the exchange and balance of fluid volume in the system:

v, =0~ (p,—p)/R-J,—J, (1)
v, ==0+(p,—p,)/R+J, )
y =—J H 3)
H=v,/(,+v,) @
V=v, +v, %)

where v, and v, denote arterial and venous blood volume, V'
is the total blood volume, v, is the total volume of red blood
cells, H represents hematocrit, p, and p, denote MAP and
central venous pressure (CVP), R represents the systemic
vascular resistance, Q is the cardiac output, J, is the flow
rate of hemorrhage, J; is the flow rate of fluid exchange with
the interstitial compartment, and J; is the flow rate of fluid
infusion into the bloodstream.

Changes in MAP and CVP are modeled to linearly
depend on changes in arterial and venous blood volume
through elastance parameters as follows:

Ap, =K, Av,
Ap, =K Av,

(6)
(7

where K, and K, represent the elastance of the arterial and
venous volume compartments respectively, and Ax = x-x, for
all quantities.

The blood volume compartment is known to be in
relative equilibrium with the fluid in its surrounding tissue
(called the interstitial compartment). A perturbation in blood
volume is partially counteracted by a shift of fluid to/from
this tissue compartment. The net rate of fluid shift J; is thus

1‘a‘pa

!

E Controller

Q
Controller

-

Interstitial
Compartment

v,.D,

Figure 1. Schematic illustration of the proposed model of
cardiovascular response to hemorrhage and fluid resuscitation

modeled as the control input of a hypothetical controller that
has the goal of maintaining total blood volume as follows:

J, =K, (1, —AV) (8)
1 t 1 t
Y Tra jo Ji()dr— o jo J,(t)dt )

where K, is a proportional gain for the controller, and r, is
the new value of blood volume after re-equilibrium. This
value depends on the history of fluid perturbations, and
parameters «; and o5 determine the fraction of each
perturbation that will be compensated for by a shift of fluid
to/from the tissue compartment. Please refer to [19] for more
information about this particular formulation.

The systemic vascular resistance (SVR) denoted by R
represents the resistance to blood flow that is present
throughout the vascular system. The body can change this
resistance through vasoconstriction and vasodilation to
restore a lower-than-normal MAP [20]. Also, a change in the
fraction of red blood cells in the blood (H) directly affects
blood viscosity, which in turn affects SVR [21]. The change
in resistance (4R) is therefore modeled as a control input that
has the goal of maintaining a normal MAP, and is also
disturbed by changes in H as follows:

K
‘—Ap, +K,AH
Ts+1

r

(10)

where the parameters K, and 7. are the gain and time
constant of the controller respectively, and K, represents the
sensitivity of SVR to changes in hematocrit.

The cardiac output denoted by Q is the flow rate of blood
that is pumped by the heart. This flow rate can be affected
by a few important mechanisms: The Frank-Starling
mechanism is related to the inherent properties of cardiac
muscles, where a higher preload (~proportional to p,) results
in a more forceful stroke in a single beat and thus higher Q.
The cardiac contractility (force of contraction) and heart rate
are controlled by the autonomic nervous system and the
endocrine system in order to maintain a normal Q [20].
Overall, to obtain a minimal and lumped model of these
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effects, Q is assumed to be regulated as a controlled variable
by a controller that acts through manipulating a control input
(which corresponds to heart rate and cardiac contractility),
and is disturbed by changes in preload (4p.) as follows:

s
s+K,

AQ = (B.Ap,) an

where K. is the controller gain, and f, is the sensitivity of
cardiac output to changes in preload (which corresponds to
the slope of the cardiac function curve in the Frank-Starling
mechanism). Note that (11) represents the closed-loop
relationship between the disturbances and 4Q.

To numerically simulate the model, the initial values for
arterial and venous blood volume are set as v,=0.3V), and
wo=0.7Vy, where Vj is the initial total blood volume to be
estimated; the values for initial arterial pressure po, initial
venous pressure p,o, initial blood hematocrit Hy, and initial
cardiac output Oy are set from baseline values in measured
data; and the initial SVR is calculated from Ry=(pao-pvo)/Qo.

In the presented model structure, each subject can be
characterized by n,=// tunable parameters (denoted
hereafter by the vector ) as follows:

ez[ai ah Kp VO Ka Kv Kr Z-r Kh ﬁv K<:| (12)

The experimental data used in this work included HCT,
CO, and MAP time-series measurements acquired from
N=23 animal (sheep) experiments under hemorrhage and
fluid resuscitation [22], [23]. The measurements were made
at ~5 min intervals for 180 minutes.

III. VIRTUAL PATIENT GENERATION USING A COMPRESSED
LATENT PARAMETERIZATION

An important desirable when generating virtual patients
is for the variations in the generated set to be representative
of variations that are incident across real patients. Such a
representation for inter-subject variability can be thought of
as a joint distribution over the model parameters, where each
sample represents a virtual patient. In the absence of
additional assumptions, finding such a joint distribution is
often infeasible given the amount of data that is available in
physiological applications. In this section, we first argue that
when certain conditions are met, the variations across real
subjects can be alternatively represented in a compressed
latent parameter space for the model. Then, we demonstrate
that independently sampling from the dimensions of this
latent space results in a set of generated patients that can
represent the variations observed in the dataset and also
exhibit realistic behavior.

A. Model Calibration in Compressed Latent Space
To find a compressed representation for the variabilities
across patients (in case such a representation exists), we first
consider a nominal model parameter vector &, which

represents a model of typical physiological behavior. One
candidate for such a model is the “group-average” model,

which is defined as the solution to the following
optimization problem:

— A 2

0 =arg meinHY—Y(Q)”Z (13)

where Y denotes the data from all patients and Y(8) denotes
the corresponding model predictions given the parameter 6 .
The solution ¢ is a maximum-likelihood estimate using all
available data, which can be interpreted as a group-average
model that represents expected behavior in the population.

Given the group-average model @ , variations across real
patients in the dataset can be thought of as local deviations
from 6 . To find a potentially compressed representation for
these deviations, we are interested in finding orthogonal
directions in the vicinity of 6, sorted by the prominence of
their effect on the predictions of the model. To find such
directions, k >> n, random local deviations around 6 are
obtained and stored in ® (n, x k). The corresponding
changes in model predictions are stored in Y, (14 % k). Then,
the following matrix can be constructed:

C=Y,0" =USV' (14)
where the elements of C represent the (scaled) covariance
between local parametric deviations from the group-average
model and the corresponding changes in model predictions.
The matrices U, S, and V are computed from the singular
value decomposition of the covariance matrix. The columns
of V constitute sorted orthogonal directions of maximum
covariance in the parameter space, and the diagonal values
of S represent the local sensitivity of model predictions to
deviations along each of the columns of V.

Depending on the structure of the physiological model,
the matrix of (sorted) local sensitivities S can show
interesting properties. For example, in the case that the
proposed model exhibits the sloppiness property [15] (which
is a prevalent property in a wide range of proposed models
across many disciplines) the first few elements of S will be
significantly larger than the rest. This means that locally
deviating from the group-average model 6 in the first few
directions in V will have a large effect on model outputs
while deviating from @ in the last few directions in V will
have a small effect on model outputs and possibly only
affect the internal behavior of the model.

Based on the observation above, we can define the
following model calibration problem to find patient-specific
models for each member of the dataset without unnecessary
deviations from the group-average model:

A A 2 —_

6 =arg mgin“Yi —3{(49)”2 +a|@-0yv|  as)
where é denotes the vector of model parameters calibrated
to match the behavior of real patient i. The second term in
(15) measures the L;-deviation of each patient from the
group-average model in the latent space (¢’ =0'V—-6"V).

The well-known sparsity-promoting nature of the L;-norm
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induces compression in the latent space so that individual
subjects deviate from 6 only in a few necessary latent
directions. The rate of compression can be controlled
through the choice of 1.

B. Generating Virtual Patients

Assuming that a compressed representation exists in the
latent space ¢ for variations across different subjects, it is
possible to generate new in-silico subjects by mimicking the
observed variations in the latent space through sampling
from the latent parameters. In this work, samples are drawn
from a distribution of the mean-field variational family:

p
P =]]r@) (16)
j=1
where each dimension of the latent parameter space ¢; has its
density p(¢;). For each latent dimension, we use a uniform
density with a range that is equal to that of the real patients
represented in the compressed latent space. Sampling from

P(g) will generate virtual patients, and the corresponding
model parameter values can be obtained from:

O=Vp+6 (17)

C. Comparing Generated Cohorts

To evaluate and compare different generated cohorts of
virtual patients in terms of having realistic members and
covering the range of variation observed in the real patient
dataset, we first define the following evidence for the real
patient i:

P(Y, |1,) = [ PCY, |1, 9)P(@)d 4 (18)

where P(Yi|li) represents the probability that the generation
method P(¢) produces patients that behave similarly to the
measured data from the actual subject i, when given the
input signals that subject i received in reality (/;). In this
setting, the similarity between a virtual patient and a real
patient is measured by measuring the distance of their
outputs through a Gaussian kernel:

exp(— (%~ V(@) =7(Y, - V(9))
Jeor |z

where the elements of the diagonal matrix X determine how
close the simulation and the data should be to be considered
similar. In the present work, diagonal elements of ¥ were
chosen according to the type of each data point (i.e., oaup for
MAP data, orcr for HCT data, and oco for CO data).

Having the probability in (18), which represents how
likely is the incidence of patient i under the generation
method P(¢), we can construct the following overall score:

P(Y; |1,,9) = (19)

S = —log(HP(Yi | L)) = log[P(Y, 1) 20)

which represents how likely is the incidence of all real
patients under the generation method P(¢). The score S will
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Figure 2. Simulation results of the compressed, un-compressed and group-
average models versus the data for one representative subject.
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Figure 3. The effect of parameter space compression on calibration error
(blue) and L;-distance (red). Solid lines denote the mean value across all
subjects, and dashed lines denote first and third quartile values.

be used in subsequent sections as one of the ways to
compare different generated cohorts, and a lower score
shows a better cohort in this sense.

IV. RESULTS AND DISCUSSION

Fig. 2 shows the HCT, CO, and MAP responses of the
uncompressed, compressed, and group-average calibrated
models versus the data for a representative subject. The
responses of the group-average model follow the overall
trends observed in the data but do not exactly match the
data, as this kind of model represents the expected behavior
in the population. Uncompressed calibration (4=0) of model
parameters to the subject-specific data results in responses
that match the data well. Alternatively, compressed
calibration (1=0.15) of the model to this data results in
responses that match the data well and are close to the
uncompressed case. This indicates that it is possible to
calibrate the model to subject-specific data by limited
deviations from the group-average model.

Fig. 3 shows changes in calibration error and deviation
distance (in the L; sense, from the group-average model)
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(a) Uncompressed Deviations in Latent Space
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Figure 4. Comparison of the first six latent parameter values identified for
the dataset of 23 subjects: (a) latent parameter values in the uncompressed
case where A=0, and (b) in the compressed case where A=0.15.

with respect to the compression weight A for the subjects in
the dataset. In the uncompressed case (1=0), the calibrated
parameter values tend to have very high L;-distances from
the group-average model, which indicates that they are
highly dispersed in the parameter space. As 4 is increased,
deviation distances drop with a steep slope, while at the
same time calibration errors only mildly increase.
Furthermore, in the case that A is increased to very high
values, calibration errors will increase significantly and tend
to the calibration error for the group-average model. This
indicates that for a middle-ground value of the compression
weight (e.g. 4=0.15) the variations across different subjects
can be represented in a compressed way without noticeable
losses in calibration error.

Fig. 4 shows values for the first six latent parameters in
case of uncompressed and compressed calibration. In Fig.
4(a), which represents the uncompressed calibration case,
variations are visible in all dimensions of the latent space.
However, in the compressed calibration case shown in Fig.
4(b), most of the variations are represented by the first four
dimensions of the latent space, while from the fifth
dimension onward, the latent parameters are nearly zero for
most of the real subjects. This result suggests that the
variations across different subjects have a compressed
representation in the latent space.

Fig. 5 compares the outcomes of virtual subject
generation when the compressed versus uncompressed latent
parameter values are used in (16) to generate subjects. These
outcomes have been shown as histograms of model output
values at three points in time (20min, 45min, and 95min) in
response to a typical hemorrhage and resuscitation profile. In
the uncompressed case, objectively un-realistic subjects are
incident (and even common) in the set: (i) many virtual
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Figure 5. Representative histograms of the HCT, CO, and MAP responses
from the virtual subjects: the comparison is made between subjects that
were generated using compressed vs uncompressed parameter values.
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subjects have a CO at or near zero at t=20min, and similarly,
(i1) many have a MAP near zero at t=20min, and (iii) some
virtual subjects have a cardiac output greater than 5 at
t=95min, which is also considered un-realistic. Interestingly,
in the compressed case, most of these un-realistic subjects
vanish from the generated population. The potential reason
behind this advantage is the following: In the uncompressed
calibration case, the sloppiness property [15] of the model
structure with respect to available data causes unnecessary
drifts in some parametric directions (visible in Fig. 4(a) and
also Fig. 3 at A=0). A sampling method that uses these
values would also sample in-between the drifted values and
thus create un-realistic virtual subjects. In contrast, latent
space compression prevents any such unnecessary deviations
from the group-average model, resulting in a lower number
of un-realistic virtual subjects.

Fig. 6 compares the quality of the generated cohort for
different compression weights, using the score introduced in
equation (20). At A=0, where there is no compression, the
score shows a poor value, which indicates that the
probability of generating realistic (as compared to the data)
patients in the uncompressed case is relatively low. As A
increases above zero, the score improves, which corresponds
to using the compressed method for virtual patient
generation. Finally, for large values of A, most generated
virtual patients will become too similar to the group-average
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model, which again results in a poor score. As a result, it is
beneficial to pick a moderate compression weight according
to Fig. 3 for the purpose of model calibration and virtual
subject generation.

V. CONCLUSION

In this paper, we investigated the data-driven generation
of virtual patients using physiological models. For this
purpose, a parameter space compression method and a
virtual patient generation method were proposed and applied
to a practically important case study on the physiological
modeling of cardiovascular responses to hemorrhage
(bleeding) and fluid resuscitation. The results suggested the
validity of the proposed approach: A set of virtual patients
generated using the proposed compressed sampling method
showed higher similarity to a real dataset when compared to
the uncompressed sampling case. Furthermore, unlike the
uncompressed sampling case, the compressed sampling
method generated fewer virtual patients with unrealistic
behavior. Future effort should be devoted to the
investigation of the advantages and limitations of the
proposed method for a wider range of physiological
modeling applications, and to the possibility of utilizing
more advanced calibration and compression techniques to
further improve the quality of the generated virtual patients.
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Abstract

We developed and evaluated the validity of a mathematical model of blood volume (BV)
kinetics and renal function (RF) in response to burn injury and resuscitation, which is
applicable to the development and non-clinical testing of burn resuscitation protocols and
algorithms. Prior mathematical models of burn injury and resuscitation are not ideally
suited to such applications due to their limited credibility in predicting BV and urinary
output (UO) observed in a wide range of burn patients as well as in incorporating
contemporary knowledge of burn pathophysiology. Our mathematical model consists of
a multi-compartmental model of BV kinetics, a hybrid mechanistic-phenomenological
model of RF, and novel lumped-parameter models of burn-induced perturbations in BV
kinetics and RF equipped with contemporary knowledge on burn-related physiology and
pathophysiology. Using the dataset collected from 16 sheep and 156 burn patients, we
showed that our mathematical model can be characterized with physiologically plausible
parameter values to accurately predict BV kinetic and RF responses to burn injury and
resuscitation on an individual basis against a wide range of pathophysiological variability.
In particular, the normalized mean absolute error associated with our UO prediction (18
+/-5.5 %) was considerably smaller than a recently reported black-box model* (30+/-6%)
while the underlying UO variability was much larger in our dataset (69% versus 38% in
terms of the coefficient of variation). In addition, despite its structural complexity, our
mathematical model could be individualized to a patient by personalizing only 4 cardinal
parameters. Its promising predictive performance combined with amenity for efficient
individualization suggest that our mathematical model may serve as an effective basis for

56



the development and non-clinical evaluation of patient-specific burn resuscitation
protocols and algorithms.

1. Luo, Q. et al. Modeling fluid resuscitation by formulating infusion rate and urine output in
severe thermal burn adult patients: A retrospective cohort study. BioMed Research
International 2015, (2015).

Learning Objectives

1. Understand the potential of mathematical models of physiological systems as a basis
for the development and testing of treatment protocols as well as the training of medical
personnel

2. Understand the requirement for a mathematical model of burn injury and resuscitation
whose intended use is the development and testing of burn resuscitation protocols as well
as the training of medical personnel

3. Understand the blood volume kinetic and renal function responses to burn injury and
burn resuscitation and a mathematical model to represent those responses
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