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Introduction: Treating extensive burn injury requires an individually tailored resuscitation protocol that includes hourly-titrated intravenous fluid infusion to avert both hypovolemic shock and edema. Due to the complexity of burn pathophysiology and significant variability in treatment protocols, there is an ongoing effort to optimize burn resuscitation. The goal of this work is to contribute to this effort by developing a mathematical model of burn pathophysiology and resuscitation for in silico testing of burn resuscitation protocols and decision-support systems.Methods: In our previous work, we developed and validated a mathematical model consisting of volume kinetics, burn-induced perturbations, and kidney function. In this work, we expanded our previous mathematical model to incorporate novel mathematical models of cardiovascular system and hormonal system (renin-angiotensin-aldosterone (RAAS) system and antidiuretic hormone) which affect blood volume and pressure regulation. We also developed a detailed mathematical model of kidney function to regulate blood volume, pressure, and sodium levels, including components for glomerular filtration rate, reabsorption rates in nephron tubules, Tubuglomerular feedback, and myogenic mechanisms. We trained and validated the expanded mathematical model using experimental data from 15 pigs and 9 sheep with extensive burns to quantitatively evaluate its prediction accuracy for hematocrit, cardiac output, mean arterial pressure, central venous pressure, serum sodium levels, and urinary output. We then trained and tested the mathematical model using a clinical dataset of 233 human burn patients with demographic data and urinary output measurements.Results: The mathematical model could predict all tested variables very well, while internal variables and estimated parameters were consistent with the literature.Discussion: To the best of our knowledge, this is the first mathematical model of burn injury and resuscitation which is extensively validated to replicate actual burn patients. Hence, this in silico platform may complement large animal pre-clinical testing of burn resuscitation protocols. Beyond its primary purpose, the mathematical model can be used as a training tool for healthcare providers delivering insight into the pathophysiology of burn shock, and offering novel mathematical models of human physiology which can be independently used for other purposes and contexts.Keywords: burn injury, burn resuscitation, mathematical model, kidney function, cardiovascular system, in silico testing, RAAS, virtual patient
1 INTRODUCTION
Patients with extensive burn injuries typically require substantial amounts of intravenous (IV) fluid to maintain vital organ perfusion and restore homeostasis. While many types of traumas require IV fluid replacement, fluid replacement treatment is uniquely challenging in the case of burn injury due to the multifactorial inflammation and endotheliopathy which results in a large amount of plasma shifting from the intravascular space into the tissues (Cartotto et al., 2022). Hence, a considerable fraction of the IV fluid given to replace the lost blood volume (BV) could likewise leak into the burnt and intact tissues, resulting in massive edema. To avoid both hypovolemia and hypervolemia as well as to minimize the risk of complications, e.g., hypovolemic shock, abdominal compartment syndrome, pulmonary edema, and organ failure, it is essential to optimize the dose of fluid given to a patient using clinical endpoints suited to guide the resuscitation based on patient response (i.e., precision medicine).
In burn centers, resuscitation often starts with an established burn resuscitation protocol such as the Parkland or modified Brooke formulas, which recommends an initial fluid dose based on weight (W) and total burned surface area (TBSA). The dose is then frequently titrated in an ad hoc fashion to clinical endpoints of choice. A commonly used endpoint is urinary output (UO), which is viewed as a proxy for intravascular BV. In this case, the goal is to maintain UO in the therapeutic target range of 30–50 mL/h or 0.5–1.0 mL/kg.hr (Schaefer and Nunez Lopez, 2023; Greenhalgh, 2010).
Regardless, existing burn resuscitation protocols exhibit large variability in treatment efficacy, due to many factors such as patient-to-patient variation in pre-existing comorbidities and in resuscitation response, incomplete and limited knowledge of burn pathophysiology, and challenges associated with the decision-making process involved in manual adjustment of fluid dose. Hence, the optimization and individualization of burn resuscitation protocols through the development of new decision-support algorithms and systems are an active area of research. This poses new challenges, since each protocol must be thoroughly evaluated before it can be clinically adopted. It is unethical to test a new treatment with unproven efficacy and safety profile in critically-ill burn patients. Additionally, large-scale pre-clinical tests on large mammals, such as sheep and pigs, likewise pose financial and ethical costs.
In this context, a credible and comprehensive mechanistic mathematical model of burn injury and resuscitation offers many benefits. Most relevantly, it can serve as a valuable platform for in silico evaluation of resuscitation protocols by virtue of its ability to provide insights into burn injury and resuscitation through the prediction of variables that are not measurable (Arabidarrehdor et al., 2021a). In addition, such a mechanistic mathematical model can be used as a training tool for healthcare professionals, which, given the complexity of burn resuscitation decision-making, is a notable advantage.
In our prior work, we developed a mathematical model of burn injury and resuscitation (Arabidarrehdor et al., 2021a; Arabidarrehdor et al., 2021b). The mathematical model consisted of three main components: (i) volume kinetics (VK), a mechanistic three-compartment mathematical model of water and albumin kinetics; (ii) a hybrid mechanistic phenomenological model of kidney function; and (iii) a phenomenological model of the disruptions inflicted on the body by burns and the ensuing inflammatory storm. We validated our mathematical model using data from sheep (N = 16) and humans (N = 233) with extensive burn injuries, which showed that it may predict VK and kidney function response to a range of burn injury severities and resuscitation fluid doses.
Although the predictions of the original mathematical model were consistent with the experimental data as well as the existing knowledge in the literature, there were opportunities to further improve the mathematical model especially in the context of enhancing physical transparency and clinical relevance. An aspect of particular interest was to expand the mathematical model so that it can embed the intricate interconnections between the regulation of BV, blood pressure (BP), and electrolyte balance in the body, given their role in maintaining adequate fluid perfusion.
In our prior work, we mainly focused on VK after burn injury. Yet, from a clinical standpoint, cardiovascular (CV) variables such as cardiac output (CO), mean arterial pressure (MAP), and central venous pressure (CVP) are of great importance. The primary objective of resuscitation in burn injury and many other forms of shock-inducing trauma is to restore end organ perfusion, which is often determined by CO, or a combination of vital signs including CO and MAP (Meng et al., 2015; Hasanin et al., 2017; Carr, 2012). Although UO is used to guide burn resuscitation in >94% of burn centers due to its convenience and non-invasiveness, its limitations in estimating tissue perfusion by itself are well-known, as indicated by a recent interest in combining hemodynamic monitoring and other endpoints with UO for optimal burn resuscitation (Paratz et al., 2014; Dries and Waxman, 1991; Caruso and Matthews, 2016). Considering that the ability to accurately predict CV variables (namely, CO, MAP, and CVP) in addition to UO and VK could be valuable to the clinical impact of a mathematical model intended for simulating burn injury and resuscitation, we expanded our prior mathematical model by incorporating CV physiology including autonomic nervous system as well as by integrating renin-angiotensin-aldosterone system (RAAS), which together influence short-term and long-term regulation of BV, electrolyte, and BP in the body. Note that expanding the ability of the mathematical model to simulate a more extensive set of variables also helps lift a few simplifying assumptions made in the original mathematical model, especially those associated with the kidney function. First, a mathematical model of RAAS enables a physiologically transparent mechanistic description of the sodium dynamics in the body. Second, a mathematical model of CV physiology enables the estimation of upstream and downstream renal arterial pressures. We take advantage of these opportunities by developing a more accurate, mechanistic mathematical model of the kidney function in this work.
We validated the mathematical model of burn injury and resuscitation extended as described above using two experimental datasets collected from 15 pigs and 9 sheep with extensive burn injuries that were resuscitated toward varying ends and, subsequently, a real clinical dataset of 233 patients with a wide range of burn severity and treatment outcomes. To the best of our knowledge, this is the first mechanistic mathematical model of burn injury and resuscitation which has been rigorously validated using diverse datasets.
This paper is organized as follows. In Section 2.1, we provide an overview of the mathematical model and the components therein. Section 2.2 explains the datasets as well as training and validation methods. Section 3 presents and discusses the results. Section 4 concludes the paper with a summary of contributions.
2 MATERIAL AND METHODS
2.1 Mathematical model development
Figure 1 shows the schematic of the mathematical model of burn injury and resuscitation. It consists of: (i) VK and burn-induced perturbations developed in our prior work, (ii) a mathematical model of CV system relevant to burn injury and resuscitation, (iii) a mathematical model of kidney function which can simulate glomerular filtration rate (GFR) as well as water and sodium reabsorption rates, and (iv) a mathematical model of hormonal systems including RAAS and antidiuretic hormone (ADH), which altogether modulate the regulation of water, sodium, and BP. Conceptual explanations on these components and how they are interconnected with each other are provided in this paper, while all the mathematical details (namely, the governing equations) are provided in Supplementary Material. All the variables and abbreviations are defined in Supplementary Table S1 in Supplementary Material. All the parameter values are summarized in Supplementary Table S2 in Supplementary Material.
[image: Figure 1]FIGURE 1 | Schematic of the mathematical model of burn injury and resuscitation. It consists of (i): volume kinetics (VK) and burn-induced perturbation developed in our prior work, (ii), a mathematical model of CV system relevant to burn injury and resuscitation, (iii), a mathematical model of kidney function which can simulate glomerular filtration rate (GFR) and the reabsorption rates for water and sodium, and (iv) a mathematical model of hormonal systems including RAAS and antidiuretic hormone (ADH), which altogether modulate the regulation of water, sodium, and BP. The inputs to the mathematical model are TBSA, W, and fluid dose, all inputted into VK and the mathematical model of burn-induced perturbation.
2.1.1 Volume kinetics and burn-induced perturbations
We used a mathematical model of VK and burn-induced perturbations developed in our prior work (Arabidarrehdor et al., 2021a; Arabidarrehdor et al., 2021b), which includes three compartments: the intravascular space (i.e., plasma), burned tissues (skin), and intact tissues (including intact skin, muscle tissues, and the rest of interstitial space). The mathematical model of VK and perturbation encompasses 7 states in the form of ordinary differential equations (ODEs) which fully describe the distribution of the following elements in the body: plasma water volume ([image: image]), plasma albumin content ([image: image]), water volumes in burnt and intact tissues ([image: image] and [image: image]), albumin contents in burnt and intact tissues ([image: image] and [image: image]), and extracellular sodium content ([image: image]). The initial values of all these states are determined by W and TBSA.
[image: image], [image: image], and [image: image] are primarily modulated by capillary filtration of fluid and lymphatic drainage. Capillary filtration perfuses the interstitium at a rate determined by membrane properties and the pressure gradients between plasma and tissue, which we modeled using the Starling equations. We represented the hydrostatic pressure-volume relationships in the intravascular compartment and the interstitial tissues as linear and nonlinear mechanistic mathematical models, respectively. In addition, we likewise used linear mathematical models to estimate the colloid oncotic pressure from the albumin concentration in each compartment. The lymphatic network drains the excess fluid from the tissues and returns it back to plasma to maintain homeostasis. We modeled the lymphatic flow rate as a sigmoid function of the tissue hydrostatic pressure. [image: image] is also dependent on UO ([image: image]), which is predicted by a mathematical model of kidney function (see Section 2.1.3), and the IV fluid dose ([image: image]). [image: image] and [image: image] are not directly affected by fluid dose and UO, but are affected by dermal fluid loss in the form of evaporation from the skin and exudation from the wound, both modeled using empirical equations.
[image: image], [image: image], and [image: image] are mainly determined by the capillary filtration of albumin, estimated using the coupled diffusion-convection equation (Chapple et al., 1993; Bresler and Groome, 1981) and the free transport of albumin in the lymphatic flow. [image: image] is additionally affected by the albumin introduced via IV fluid ([image: image], zero in case of the lactate ringers (LR)), and [image: image] by the protein denaturation in the burnt tissue as a result of heat.
Since the fluid exchange pertaining to both capillary filtration and lymphatic flow are isotonic, [image: image] is solely influenced by the sodium gain through fluid infusion ([image: image]) and sodium loss through UO ([image: image]).
Extensive burns introduce perturbations in burnt tissues (including capillary destruction, protein denaturation, negative pressure in burnt tissue, and dermal fluid loss) as well as in systemic circulation (including increased capillary pore size, vasodilation, and systemic vasoconstriction). These disruptions lead to a significant increase in capillary filtration, which can cause hypovolemia and edema. We described these perturbations by an array of phenomenological models whose effects last transiently and disappear. The severity and time courses of these disruptions are calibrated based on individual responses, by specifying subject-specific parameters pertaining to each perturbation. In addition to the intensity aspect of the injury severity (which is represented by the perturbation parameters), injury severity is also represented by specifying the size of the burned tissues according to the subject’s W and TBSA. This approach captures the “extent” aspect of the injury severity. Full details and equations on the mathematical model of VK and burn-induced perturbations are described in our prior work and in Section S1 in Supplementary Material.
In sum, the mathematical model of VK and burn-induced perturbations receives as inputs (i) W, TBSA, baseline hematocrit (HCT), and fluid dose from the dataset; and (ii) UO ([image: image] and ([image: image]) predicted by the mathematical model of kidney function (Figure 1). Then, it furnishes (i) [image: image], [image: image], [image: image], and plasma sodium concentration ([image: image]) to the mathematical model of hormonal system; (ii) BV ([image: image]) and the magnitude of vasoconstriction ([image: image]) to the mathematical model of CV system; and (iii) ([image: image] and the capillary colloid oncotic pressure ([image: image]) to the mathematical model of kidney function (Figure 1).
2.1.2 Cardiovascular physiology
Mathematical modeling of the CV system has been an attractive research topic for a long time due to its incredible complexity and multiscale nature. Among the myriad mechanistic and data-driven mathematical models in the literature (Tivay et al., 2020; Quarteroni et al., 2017; Kappel and Peer, 1993; Abdolrazaghi et al., 2010; D’Orsi et al., 2021; Kislova et al., 2006; Karavaev et al., 2016; Bozkurtid, 2019), we adopted and extended the mathematical model of CV system proposed by Uttamsingh et al. (1985), primarily motivated by its simplicity and its ability to predict long-term fluctuations in the CV system.
This mathematical model is principally developed based on Guyton’s famous CO-venous return (VR) curve and empirical equations derived from clinical studies. The Guyton’s CO-VR curve has no closed-form solutions and requires an iterative numerical approach for its solution which is inefficient in long-term simulations. In addition, the empirical equations are built upon clinical data predating 1985. Thus, some of them may be outdated relative to the contemporary knowledge in the literature. Further, the empirical equations may not be universally valid in the three species used in this work. Hence, we enhanced the robustness and adaptability of this mathematical model according to our context of use, by (i) numerically solving the CO-VR curve using simplified assumptions drawn from the existing literature, (ii) incorporating recent experimental findings to update the empirical equations in the mathematical model, and (iii) tailoring the equations to enable the selection of diverse initial conditions and responses to accommodate the heterogeneity in our datasets.
A decrease in BV lowers the pressure within the veins, i.e., the mean systemic pressure (MSP), which reduces the upstream pressure determining VR and subsequently diminishes CO and MAP. The RAAS responds to the decline in MAP by releasing renin and increasing plasma angiotensin II (Ang II) concentration ([image: image]), which elicits vasoconstriction. The constricted arterioles raise total peripheral resistance (TPR), which ultimately increases MAP and CO until normal conditions are restored. We have modeled this sequence of events and the complex relationships between these CV variables using four components illustrated in Figure 2. The component (A) receives [image: image] as an input from the mathematical model of VK and estimates MSP using an exponential function in agreement with a recent study (W et al., 1974). The component (B) receives [image: image] as an input from the mathematical model of hormonal system and estimates TPR using a sigmoidal relationship. The component (C) dictates how VR changes as a linear function of CVP, with the slope of the linear function determined by MSP and TPR received as inputs from (A) and (B). In addition, the component (C) represents CO as a dose-response function of CVP. Here, we utilize the Frank-Starling law to find the true value of CO as the intersection point of CO curve and VR curve (known as circulatory equilibrium). Finally, in the component (D), MAP is calculated using CO, TPR, and [image: image] furnished by the mathematical model of burn-induced perturbations. Full details and equations on the mathematical model of CV system are summarized in Section S2 in Supplementary Material.
[image: Figure 2]FIGURE 2 | Schematic of the mathematical model of cardiovascular system. (A) MSP is estimated from [image: image] furnished by the mathematical model of VK using an exponential relationship. (B) TPR is estimated from [image: image] furnished by the mathematical model of hormonal system using a sigmoidal relationship. (C) CO is estimated from VR and CVP using a combination of the Frank-Starling law and Guyton’s CO-VR curves. (D) MAP is calculated from CO, TPR, and [image: image] furnished by the mathematical model of burn-induced perturbations.
In sum, the mathematical model of CV system receives as inputs (i) [image: image] from the mathematical model of VK, (ii) [image: image] from the mathematical model of burn-induced perturbations, and (iii) [image: image] from the mathematical model of hormonal system. Then, it furnishes (i) [image: image] to the mathematical model of hormonal system and (ii) [image: image] and [image: image] to the mathematical model of kidney function (Figure 1).
2.1.3 Kidney function
Figure 3 shows a high-level schematic of the kidney function relevant to GFR and renal plasma flow (RPF) regulation. Plasma flows into the kidneys through renal arteries, which branch into capillaries running along millions of parallel nephrons. In every nephron, fluid passes through afferent arterioles into the glomerular space, where approximately 20% of the fluid (called the filtrate) is filtered into Bowman’s capsule. The remaining 80% flows through efferent arterioles, peritubular capillaries, and eventually, renal venules. Along this path, fluid is joined by the majority of the filtrate as it is reabsorbed from the nephron tubules back into circulation. Eventually, approximately just 1% of RPF is excreted as UO under normal conditions. RPF, GFR, and UO are meticulously regulated by a complex set of interconnected mechanisms in the body, including components from VK, CV, and hormonal systems. To cast this sophisticated kidney function into a simple mathematical model, we first assumed that all nephrons are homogeneous in both characteristics and resistances. Then, we developed a mathematical model to predict the collective flows in the kidneys to represent the dynamics of the entire kidneys.
[image: Figure 3]FIGURE 3 | Schematic of the mathematical model of glomerular filtration and renal plasma flow regulation. Adapted with permission of Elsevier Science & Technology Journals, from Guyton and Hall, 2011a; permission conveyed through Copyright Clearance Center, Inc.
2.1.3.1 Glomerular filtration rate and renal plasma flow regulation
RPF rate ([image: image]) is calculated using the Poiseuille’s law, where it is directly proportional to the pressure drop across kidney and inversely proportional to total renal resistance. Renal arterial pressure ([image: image]) and renal venous pressure are linear functions of MAP and CVP, respectively, which are furnished by the mathematical model of CV system (Figure 1). GFR ([image: image]) is a fast and highly pressurized capillary filtration and is calculated from Starling forces formed by hydrostatic ([image: image]) and colloid oncotic ([image: image]) pressures in the glomerulus. Higher input flow and larger downstream resistance can increase hydrostatic pressure. Hence, [image: image] is assumed to be proportional to [image: image] as well as to the sum of renal efferent resistance ([image: image]) and renal venous resistance ([image: image]). [image: image] is not uniform in the glomerulus since albumin concentration is continuously increased by filtration of water into the Bowman’s capsule. This phenomenon makes [image: image] dependent on GFR, as a larger GFR means a faster rate of increase in [image: image]. Despite the complexity of the kidney function dynamics, if we assume that the equilibrium among the elements in the Starling forces is eventually achieved somewhere along the glomerular capillaries (Deen et al., 1972; Brenner et al., 1972), we can estimate [image: image] as a linear function of [image: image], [image: image], and [image: image] which is furnished by the mathematical model of VK.
To maintain kidney function, the kidneys have two intrinsic mechanisms that modulate [image: image] and [image: image] by adjusting the renal resistances: myogenic mechanism (MM) and tubuglomerular feedback (TGF). In MM, the smooth muscle cells in the afferent arterioles respond to changes in [image: image] by adjusting the diameter of the arterioles, and consequently, the afferent resistance ([image: image]). TGF responds to the variations in sodium concentration at macula densa (MD) cells located in the distal tubules. Simply put, higher [image: image] delivers more sodium to MD, increasing its concentration therein ([image: image]). MD cells sense this elevation and send commands to constrict afferent arterioles and lower input flow rates. Thus, the part of [image: image] controlled by TGF ([image: image]) is determined by a sigmoid function of [image: image]. In addition, TGF has functions to regulate MAP and [image: image] in a longer-term fashion, where MD cells inhibit the release of renin in response to an increase in [image: image]. In addition, through a mechanism which will be explained in Section 2.1.4.1, Ang II release rate is also reduced, which dilates arterioles and reduces MAP. The dilation of efferent arterioles in particular, reduces [image: image], which in turn reduces [image: image].
In sum, the mathematical model of GFR and RPF regulation receives as inputs (i) MAP and CVP from the mathematical model of CV system, [image: image] from the mathematical model of VK, [image: image] from the mathematical model of kidney reabsorption (to be explained in Section 2.1.3.2), and plasma Ang II concentration from the mathematical model of hormonal system (RAAS). Then, it furnishes [image: image] and [image: image] to the mathematical model of hormonal system. Full details and equations on the mathematical model of GFR and RPF regulation are summarized in Section S3.1 in Supplementary Material.
2.1.3.2 Reabsorption of water and sodium
Figure 4 is a node schematic of the mathematical model of renal reabsorption, which unravels the convoluted structure of nephrons. Water and sodium are filtered from glomerular capillaries into Bowman’s capsule at a rate of [image: image]. Then, the filtrate flows through different segments of nephron (nodes in Figure 4), i.e., proximal tubules, the loop of Henle and its two limbs, and distal and collecting tubules, while it is reabsorbed back into the circulation along the way. The remaining fluid empties through collecting ducts into the ureter and the bladder, where it is excreted as UO. The characteristics of reabsorption of water and sodium are entirely different in these segments. Hence, it is imperative to capture these differences in order to correctly implement TGF and hormonal functions.
[image: Figure 4]FIGURE 4 | A node-schematic of the mathematical model of renal reabsorption. Water and sodium flow into Bowman’s capsule and then into nephron tubules, where they are reabsorbed back into the circulation through renal vein at different rates along the way, while the remaining filtrate is excreted as urinary output (UO). Tubuloglomerular feedback (TGF) is activated by sodium concentration at macula densa (MD). [image: image] and [image: image]: water flow and sodium flow from node X to node Y. [image: image] and [image: image]: water flow and sodium flow from node X to the renal vein (V), i.e., back to the circulation (reabsorption). [image: image] and [image: image]: reabsorption fraction of water and sodium at node X.
In this schematic, [image: image] and [image: image] represent water flow and sodium flow from node X to node Y, while [image: image] and [image: image] represent water flow and sodium flow from node X to the renal vein (V), i.e., back to the circulation (reabsorption). At each node, [image: image] and [image: image] represent the fraction of flow reabsorbed into the renal vein for water and sodium, respectively.
At the proximal tubules (“P” in Figure 4), water and sodium are reabsorbed together at the same rate as regulated by the glomerulotubular balance and plasma aldosterone concentration ([image: image]). A dose-response relationship describes the relationship between [image: image] and [image: image] (Good, 2007; Salyer et al., 2013; Guyton, 1975), which acts to maintain the reabsorption fraction at its baseline level of 65%–75% (Uttamsingh et al., 1985; Czerwin et al., 2021; Moss and Thomas, 2014). The sodium reabsorption rate in the proximal tubules is also influenced by Ang II. Given that Ang II indirectly affects sodium reabsorption by enhancing aldosterone production (see Section 2.1.4.1), we chose not to model the direct effects of Ang II on the sodium reabsorption rates at the proximal tubule in order to promote the simplicity of the mathematical model.
The thin descending limb of Henle (“N” in Figure 4) is impermeable to sodium. As a result, only water is reabsorbed passively: slower flow ([image: image]) allows for increased reabsorption ([image: image]). This results in an inverse relationship between flow rate and reabsorption fraction, which is one of the major players in pressure diuresis. We captured this phenomenon by an inverse-sigmoidal function between [image: image] and [image: image]. The thick ascending limb of Henle (“K” in Figure 4), on the other hand, is impermeable to water. As a result, it actively reabsorbs approximately 60% of the sodium inflow ([image: image]).
In the early distal tubules (“E” in Figure 4), we still have water impermeability. However, its sodium reabsorption ([image: image]) is passive, having an inverse relationship with sodium flow rate ([image: image]). We used an inverse-sigmoidal function of the sodium flow, similar to the thin descending limb of Henle, to describe the relationship between [image: image] and [image: image]. Since there is no more reabsorption between the early distal tubules and MD, sodium concentration at this node is equal to [image: image].
Finally, at the collecting ducts (“C” in Figure 4), the reabsorption of water and sodium is regulated by hormones, i.e., ADH for water and aldosterone for sodium. We have used dose-response curves to describe the relationship between [image: image] and plasma ADH ([image: image]) as well as [image: image] and [image: image]. Any unabsorbed fluid at this stage proceeds to the bladder for excretion as UO.
In sum, the mathematical model of renal reabsorption receives as inputs (i) [image: image] from the mathematical model of glomerular filtration, (ii) [image: image] from the mathematical model of VK (to estimate [image: image]), and (iii) plasma concentrations of ADH and aldosterone from the mathematical model of hormonal system. Then, it furnishes (i) the fluctuations in [image: image] to the mathematical models of glomerular filtration (thereby modulating both afferent and efferent renal resistances through TGF) and hormonal system (RAAS in particular) and (ii) [image: image] and urinary sodium concentration [image: image] to the mathematical model of VK (Figure 1). Our modeling of the reabsorption function incorporates meticulous constraints and parameter bounds to ensure the credibility of predictions while facilitating individualization. Full details and equations on the mathematical model of renal reabsorption are summarized in Section S3.2 in Supplementary Material.
2.1.4 Hormonal system
2.1.4.1 Renin-angiotensin-aldosterone system
RAAS is a multi-factor mechanism for long-term regulation of MAP, BV, and electrolytes. Renin is part of TGF. When MD cells send signals to change the resistance of renal afferent arterioles in response to a change in MD sodium load, they also send signals to change the renin release rate. Specifically, a drop in BV and MAP as a result of severe burn will reduce RPF ([image: image], GFR ([image: image]), and subsequently, [image: image]. There is an inverse relationship between renin release rate and [image: image] [149]. Hence, a drop in GFR eventually increases renin release rate. In the mathematical model of RAAS system, the release of renin is linearly proportional to the fractional variations in [image: image], with its clearance facilitated through transit in both the liver and the kidneys.
Renin converts its substrate, angiotensinogen, to angiotensin I, a precursor for the vasoconstrictor hormone angiotensin II (Ang II) (Guyton, 1975). Ang II constricts arterioles and increases TPR, which ultimately increases MAP and GFR. In the mathematical model, the release of Ang II is linearly associated with the fractional changes in plasma renin concentration (with a delay), and its clearance occurs through hepatic circulation.
Finally, Ang II increases aldosterone release rate, which leads to sodium and water retention by the kidneys, thereby increasing BV and partially compensating for blood loss (Guyton, 1975). Aldosterone secretion is stimulated by two distinct sources: (i) it has a negative linear relationship with [image: image] to reabsorb more sodium in the collecting ducts when [image: image] decreases, and (ii) it has a positive relationship with Ang II. We modeled these relationships using a dose-response curve based on experiments conducted by Uttamsingh et al. (1985); Blair-West et al. (1962), where total aldosterone release is calculated as an exponential function of the weighted sum of the two sources. Like renin, it is eliminated by both hepatic and renal blood flows. The secretion rate of aldosterone is also influenced by serum potassium levels, which we assume to be constant in this study for the sake of simplicity.
In sum, the mathematical model of RAAS system receives as inputs (i) [image: image] from the mathematical model of renal reabsorption and (ii) [image: image] from the mathematical model of VK. Then, it furnishes (i) Ang II to the mathematical model of CV system and (ii) [image: image] and [image: image] to the mathematical model of kidney function. Full details and equations on the mathematical model of RAAS are summarized in Section S4.1 in Supplementary Material.
2.1.4.2 Antidiuretic hormone
The ADH content is modulated by signals from baroreceptor (inversely related to the changes in [image: image]) and osmoreceptor (directly related to the changes in [image: image]). ADH affects the rate at which pure water is reabsorbed at the collecting ducts (Guyton and Hall, 2011b; Voets and Maas, 2018) (see Eq. (S79) in Section S3.2 in Supplementary Material). Specifically, when [image: image] decreases, more ADH is released to increase the pure water reabsorption and retain more water in the body to compensate for the loss in plasma volume. An increase in plasma sodium concentration has the same effect, although with a larger sensitivity (Guyton and Hall, 2011b). We expressed the dynamics of the ADH content by a phenomenological model, where its secretion rate is an exponential function of the weighted sum of fractional changes in [image: image] and [image: image], and its elimination is facilitated by its passage through the liver and the kidneys (Guyton and Hall, 2011b; Voets and Maas, 2018; Heller and Zaidi, 1957). In sum, the mathematical model of ADH receives as inputs [image: image] and [image: image] from the mathematical model of VK. Then, it furnishes [image: image] to the mathematical model of renal reabsorption. Full details and equations on the mathematical model of ADH are summarized in Section S4.2 in Supplementary Material.
2.2 Mathematical model training and testing
2.2.1 Experimental and clinical datasets
The data we used to train and validate our mathematical model in this work comes from 3 species: pigs, sheep, and humans. Pigs and sheep are widely used as a replacement for human subjects in pre-clinical and exploratory experiments by virtue of their physiological and anatomical similarity to humans (Walters and Prather, 2013; Banstola and Reynolds, 2022). Utilizing both experimental and clinical data allows for robust validation of the mathematical model while granting access to physiological variables typically unmeasured in patients due to ethical constraints. Table 1 summarizes the datasets. Details follow.
TABLE 1 | Experimental and clinical datasets for mathematical model training and testing.
[image: Table 1]2.2.1.1 Pigs
We used a subset of data from a study where 21 female Yorkshire swine were subject to 40% TBSA and randomly assigned to each of the following resuscitation paradigms: (i) Paradigm 1 (P1): no IV fluids to under-resuscitate the animals, (ii) Paradigm 2 (P2): IV Lactated Ringers (LR) guided by UO according to the Burn Navigator™ to maintain a target UO of 1–1.5 mL/kg, or (iii) Paradigm 3 (P3): a high rate of ≥500 mL/h IV LR throughout the protocol to deliberately over-resuscitate the animals. Details of the protocol can be found in our previously published work (ArabiDarrehDor et al., 2022; Kao et al., 2024). Animals were monitored for 24 h post-injury, and had hourly measurements of IV fluid rate and UO, and measurements of HCT, MAP, CO, CVP, and [image: image] at hours 0, 1, 2, 3, 5, 9, 12, 18 and 24. We excluded HCT from our anlysis because the animals were not splenectomized, since pigs have a contractile spleen and is able to “autotransfuse”. We used 15 animals (5 from each paradigm) to train and internally validate the mathematical model.
This dataset provided us with two unique advantages which we could not have achieved with the other two datasets: (i) the [image: image] measurements presented an opportunity to test the mathematical model of sodium dynamics; and (ii) the diversity in the resuscitation protocols allowed us to test the ability of the mathematical model in predicting the outcomes of highly diverse treatment scenarios, ranging from extreme under-resuscitation to over-resuscitation.
2.2.1.2 Sheep
Experimental dataset associated with the sheep came from a prior work (Elgjo et al., 2000), where adult sheep (N = 8) with the median weight of 40 kg were induced with full-thickness burn injury of 40% TBSA. Burn resuscitation by LR was initiated 1 h post-burn and continued for 48 h. Resuscitation was performed to maintain a target UO of 1–2 mL/kg/h, which is considered normal in sheep. Key measurements in the dataset used in this work include hourly records of fluid infusion and UO, and more sparse measurements of HCT, CVP, MAP, and CO.
2.2.1.3 Humans
To develop and validate our human mathematical model, we integrated data from two clinical datasets described in a previous study (Arabidarrehdor et al., 2021a). The first dataset involved 207 burn patients treated with the Burn Navigator™ in a burn ICU, aiming for a target UO of 30–50 mL/h (Salinas et al., 2012; Salinas et al., 2011). The second dataset included 53 burn patients, with 29 under Burn Navigator™ treatment and 24 following conventional protocols. Hourly data on UO, LR dose, demographics (age, weight, and gender for the first dataset), TBSA, and the time of arrival were collected. The patients in the collective dataset had an average age of 47 ± 18 years, weight of 87 ± 22 kg, and TBSA of 40% ± 18%. The overall mortality rate was 30%. In the first source, 77% of the patients were male, and 11% had inhalation injuries. It is noteworthy that care providers were at liberty of overriding Burn Navigator™ recommendations at any time.
After excluding 27 subjects with <10 UO recordings, we randomly divided the dataset into a training group (N = 120) for internal validation and a test group (N = 113) to externally validate the optimized mathematical model with reduced bias. Demographic and injury severity comparisons between training and test groups showed comparable values (age: 45 ± 19 years vs. 49 ± 18 years; weight: 85 ± 18 kg vs. 86 ± 22 kg; TBSA: 41.5% ± 17.6% vs. 38 ± 18 in training and test datasets, respectively).
2.2.2 Verification method
While in our dataset we have several measurements relevant to validation of the mathematical models of VK and CV system, quantitative validation of the kidney function is limited to UO and [image: image]. To enhance the reliability of the mathematical model of renal function, we simulated the mathematical models of renal function and RAAS with typical human parameter values from the literature across a range of renal arterial pressures and investigated the predictions. Then, we investigated if the internal regulatory mechanisms in the kidneys, including myogenic mechanism, TGF, and glomerulotubular balance, are plausibly implemented.
2.2.3 Validation method
The mathematical model has 98 parameters in total, among which 12 can be found using constraints such as assumptions of steady-state before injury, or directly from the datasets. To determine the remaining 86 parameters, we first categorized them into subject-invariant and subject-specific parameters. Subject-specific (SS) parameters included (i) those whose values are expected to exhibit large inter-individual variability; (ii) those whose values have rarely been reported in the existing literature, or (iii) those which are associated with phenomenological components in the mathematical model. This resulted in a set of 46 SS parameters. In the case of the clinical dataset (Section 2.2.1.3) where we have limited data, we further reduced the number of SS parameters as explained further below. The remaining 40 parameters are assumed to be subject-invariant and were taken from literature (Supplementary Table S2).
For each subject within our three species, we determined the SS parameter values by concurrently minimizing the difference between all the measured physiological variables (listed in Table 1) and their counterparts predicted by the mathematical model. This was achieved by minimizing the following cost function (Arabidarrehdor et al., 2021a; Tivay et al., 2019):
[image: image]
Where [image: image] is the vector of subject-specific parameters estimated for subject [image: image], [image: image] is the number of total physiological variables measured in subject [image: image] during the experiment, [image: image] is the number of measurements associated with the physiological variable [image: image], [image: image] is the value of the physiological variable [image: image] associated with the subject [image: image] measured at time [image: image], [image: image] is the value of the same physiological variable at time [image: image] predicted by the mathematical model equipped with [image: image], and [image: image] is the normalization factor for the physiological variable [image: image]. We used the “globalsearch” command in MATLAB in conjunction with the “fmincon” command to robustly estimate the parameter values. In addition, we enforced tight parameter bounds as constraints in Equation 1 to effectively guide the solution into a mechanistically plausible parameter space.
To estimate 46 SS parameters for the pig subjects, we fit the mathematical model predictions to UO, MAP, CO, CVP, and [image: image] by minimizing the objective function in Equation 1 ([image: image] = 5). On the average, each pig subject had 94 available data points to estimate the 46 unknown parameters. Subject W, TBSA, baseline measurements of HCT, and hourly infusion rates were utilized from the dataset as inputs to conduct simulations.
For sheep subjects, we used UO, HCT, CVP, MAP, and CO ([image: image] = 5). It is worth noting that since sheep subjects had reliable baseline measurements, the number of subject-specific parameters was reduced to 44: we did not have to estimate the baseline CO and MAP. On the average, every sheep subject had 112 available datapoints to identify the 44 unknown parameters. Subject W, TBSA, baseline measurements of HCT, CO, and MAP, and hourly infusion rates were utilized from the dataset as inputs to conduct simulations.
For humans, the training set of 120 subjects was used to estimate unknown parameters by fitting the mathematical model to UO ([image: image] = 1). Since the ratio of the number of unknown parameters to data points was large (46–23 ± 2), we performed sensitivity analysis using a regularized population-average mathematical model [similar to our previous work (Arabidarrehdor et al., 2021a; Tivay et al., 2019)] to determine non-sensitive parameters and fixed them to population-average values, thereby preventing overfitting. Then, we externally validated the mathematical model with smaller number of SS parameters based on the test set subjects. Patient W, TBSA, and hourly infusion rates were utilized from the dataset as inputs to conduct simulations.
3 RESULTS AND DISCUSSION
3.1 Verification
Figure 5 shows the results for the verification analysis of the kidney function regulatory mechanisms. Figure 5A shows how the sodium concentrations at different nodes in the nephrons vary when the renal arterial pressure deviates from a baseline value of 85 mmHg. The mathematical model predicted that sodium concentration at node P remains the same as plasma sodium concentration at node B across all renal arterial pressure levels, which is plausible because sodium and water are reabsorbed together at node B (see Section 2.1.3.2). At node N, the mathematical model predicted that sodium concentration decreases as the renal pressure increases, which is plausible because only water is reabsorbed at a rate inversely proportional to GFR at node N. At node K, the mathematical model predicted that sodium concentration decreases at all renal pressure levels with the same proportion, which is plausible because sodium reabsorption fraction is fixed regardless of the flow rate while water is not permeable at node K. At node E, where MD is located, the mathematical model predicted that faster flow is associated with less sodium reabsorption, and accordingly, higher sodium concentration, which is plausible because sodium reabsorption has an inversely proportional relationship with the flow rate at node E.
[image: Figure 5]FIGURE 5 | Verification of kidney function regulatory mechanisms. (A) Sodium concentration at nodes of the nephrons with respect to renal arterial pressure. (B) Nominal sodium concentration at nodes of the nephrons in comparison to simulations in Layton and Layton (Layton and Layton, 2019). (C) Variation in UO and GFR with respect to renal arterial pressure. (D) Renin release rate with respect to renal arterial pressure.
Figure 5B compares sodium concentration at different nodes at a normal renal arterial pressure (i.e., at [image: image] 85 mmHg) predicted by the mathematical model to a simulation study by Layton and Layton (Layton and Layton, 2019). Our predictions were comparable to their predictions. In addition, our predictions were also comparable to Czerwin et al. (2021).
Figure 5C shows how UO drastically changes in response to renal arterial pressure variation, while GFR is relatively maintained by TGF and MM. Figure 5C also shows that the mathematical model can reproduce the phenomenon of pressure diuresis, e.g., for only a 50% increase in GFR, UO has a disproportionate increase of approximately 250%.
Figure 5D shows how renin release rate changes in response to renal arterial pressure variation. This nonlinear, inverse relationship is very similar to the behavior described by Kurtz (2012), and shows that renin secretion is inhibited in response to an increase in renal arterial pressure, which in turn lowers angiotensin production, and reverses the increase in renal arterial pressure and GFR.
3.2 Validation in pigs
Table 2 summarizes the accuracy metrics for CVP, CO, MAP, UO, and [image: image] predictions. Even though we simultaneously optimized the fit pertaining to five physiological variables (which often exposes the multi-objective optimization problem to trade-offs), all the predictions exhibited good tracking of their corresponding measured counterparts in terms of NMAE, correlation coefficient, and Bland-Altman limits of agreement (LoA). In addition, >91% of predicted and measured UO resided in the same operational range for pigs (<1 mL/h/kg, 1–1.5 mL/h/kg, and >1.5 mL/h/kg).
TABLE 2 | Accuracy metrics for goodness of fit, calculated on an individual basis, pertaining to the mathematical model trained using the pig dataset. The metrics include normalized mean absolute error (NMAE; reported as median (IQR)), Pearson’s correlation coefficient (r), and Bland-Altman limits of agreement (LoA) reported as bias ± 2 × SD.
[image: Table 2]Figure 6 provides visual examples of pig dataset and mathematical model predictions. Even within the same paradigm, there was substantial variability in how subjects responded to the injury and subsequent resuscitation. The mathematical model successfully replicated such variability. Figures 6A, B are two examples of the animals resuscitated with P1. While both animals showed signs of hypovolemia throughout the experiment as reflected by declines in CVP, CO, MAP, and UO, the intensity of the response to burn injury and the level of self-recovery offered by the body’s safety factors against hypovolemia and edema were different. For instance, the animal in Figure 6A experienced sharper ebbs in CVP, CO, MAP, and UO. The sodium plasma concentration trends also differed: continued decline in Figure 6A vs. recovery in Figure 6B. Figures 6C, D are two examples of the animals resuscitated with P2. While the animal in Figure 6C recovered to its baseline by the end of the experiment, the animal in Figure 6D showed signs of mild over-resuscitation. Figures 6E, F are two examples of the animals resuscitated with P3. Despite over-resuscitation, CVP in Figure 6E and CO in Figure 6F suggest modestly hypovolemic to normovolemic conditions toward the end of 24 h. The mathematical model could not replicate these behaviors, primarily because the animals were aggressively over-resuscitated with high doses of fluid, as reflected in their UO measurements. The mathematical model is not equipped with any mechanism to explain why CO and CVP were below normal levels in these animals. One possible explanation for the drop in CO in the subjects could be lowered heart rate, which the mathematical model is not equipped to predict. Another possible explanation could be measurement inaccuracy, which is plausible since CVP was measured with a central line, and CO via thermodilution using a Swan-Ganz catheter. However, all in all, the mathematical model successfully replicated most of the unique animal-specific responses while maintaining the expected trends associated with individual paradigms, as is evident from visual inspection of the plots as well as Table 2.
[image: Figure 6]FIGURE 6 | Validation in a total of six pig subjects. Each row represents an individual subject. (A, B): Two subjects in un-resuscitated group (P1). (C, D): Two subjects in adequately resuscitated group (P2). (E, F): Two subjects in over-resuscitated group (P3). Solid blue line represents mathematical model prediction. Gold circles represent data.
The pig dataset provided us with an unprecedented opportunity to train the mathematical model for large mammals resuscitated with vastly different protocols and test its capability to reflect the differences in burn resuscitation paradigms. To leverage this opportunity, we averaged the mathematical model simulations pertaining to each paradigm, and investigated the ability of the mathematical model to capture the between-group differences. In addition, to investigate the alignment of mathematical model simulations with established knowledge of physiology and burn pathophysiology, we likewise averaged the mathematical model simulations associated with the internal variables on kidney function and RAAS and examined their behaviors.
Figure 7 shows the averaged mathematical model simulations to burn injury and resuscitation in pigs. Despite the large inter-subject variability reflected by the width of standard errors (shown as shaded areas) in some of the plots, the mathematical model was able to distinguish the responses pertaining to the three paradigms very well. Further, it could suggest possible physiological mechanisms responsible for their differences. The HCT increased immediately post-burn in all three paradigms, and while it stayed above baseline in P1, indicating hypovolemia, it decreased in both P2 and P3. In P2, the wide inter-subject variability in HCT (which encompassed both above and below the baseline level) suggests that while the average animal’s HCT was restored by the end of 24 h, some animals were still hypovolemic (HCT above baseline) or even ended up being over-resuscitated (HCT below baseline). The wide range of resuscitation outcome was also reflected by CO and CVP in P2. In P3, although the envelope was still wide, all the animals were considered over-resuscitated as the entire HCT envelop was below the baseline level, but with varying degrees of severity.
[image: Figure 7]FIGURE 7 | Validation in pigs: averaged mathematical model simulations. In each plot, red solid line shows the average prediction for the un-resuscitated group (P1), green dashed line shows the average prediction for the adequately-resuscitated group (P2), and blue dash-dotted line shows the average prediction for the over-resuscitated group (P3). The shaded areas represent standard errors. Fluid dose: scaled hourly infusion given to the animals. [image: image]: percentage deviation from the baseline value. [image: image]: total water reabsorption fraction. [image: image]: total sodium reabsorption fraction.
The mathematical model simulations of CO, CVP, [image: image], and UO for the three paradigms mirrored the behaviors expected from the corresponding HCT trends. Specifically, their initial decline due to hypovolemia (as HCT went up) continued to assume subnormal values in P1, a range of recovery from hypo-to hypervolemia in P2, and varying degrees of over-resuscitation in P3. The behavior of MAP, however, was different. While MAP remained below normal in P1, it could not distinguish P2 and P3 on its own, which agrees with studies suggesting that MAP is not a good stand-alone endpoint for fluid resuscitation (Oda et al., 2006).
Figure 7 also offers a comprehensive understanding of typical physiological responses to burn injury and resuscitation by virtue of the ability of our mathematical model to predict a wealth of internal physiological variables not typically available for routine measurement. When trauma and resuscitation alter [image: image], both afferent resistance ([image: image]) and efferent resistance ([image: image]) vary to regulate it. Despite the initial hypovolemia, [image: image] initially increases due to a transient increase in MAP (vasoconstriction). Then, myogenic mechanism and TGF are triggered to counteract the increase in [image: image] by increasing the afferent resistance and decreasing the efferent resistance. As hypovolemia takes over in P1 indicated by a decrease in MAP and [image: image], renin, angiotensin, and aldosterone increase to (i) constrict the vessels and slow the decline in MAP, (ii) increase the efferent resistance and preserve [image: image], and (iii) increase the reabsorption fractions for sodium and water to retain more water and salt and correct the hypovolemic state of the body. ADH also increases in response to hypovolemia and contributes to the increase in water reabsorption fraction. In P2 and P3, these hormones and enzymes similarly increase initially to correct the hypovolemia induced by burn, but then decrease as the animals recover (P2) or get over-resuscitated (P3). [image: image] shows a wide range of behaviors in P1 and P2, but increases in P3 despite the decrease in aldosterone and total sodium reabsorption fractions. This is because the pure water reabsorption regulated by ADH decreases, which lowers total sodium concentration in plasma. This observation is consistent with Guyton’s finding that pure water reabsorption is a more effective determinant of [image: image] than aldosterone (Guyton, 1975), despite the fact that aldosterone is the direct actuator of sodium reabsorption fraction.
Supplementary Table S2 in Supplementary Material provides the mathematical model parameters for pigs. The estimated SS parameters were comparable to the values in the literature (when available), and therefore physiologically plausible.
3.3 Validation in sheep
Table 3 summarizes the goodness of fit metrics for HCT, CVP, CO, MAP, and UO predictions. The mathematical model performed consistently well, with small NMAE and strong correlations for all the variables. UO has the lowest correlation with the experimental data. Admittedly, 0.55 is only a moderate correlation. Yet, 76% of predicted and measured UO resided in the same operational range for sheep (<0.5 mL/h/kg, 0.5–1.0 mL/h/kg, and >1.0 mL/h/kg) on the average. This is an encouraging performance given that current burn resuscitation protocols adjust resuscitation dose based on UO range rather than its absolute value. Further, the mathematical model predicted all the variables while being characterized with physiologically acceptable parameter values (Supplementary Table S2 in Supplementary Material). Figure 8 visually depicts how the mathematical model can predict HCT, CVP, CO, MAP, and UO with reasonable accuracy and capture the inter-subject variability among animals, even those subject to similar resuscitation protocols and injury severity.
TABLE 3 | Accuracy metrics for goodness of fit, calculated on an individual basis, pertaining to the mathematical model trained using the sheep dataset. The metrics include normalized mean absolute error (NMAE; reported as median (IQR)), Pearson’s correlation coefficient (r), and Bland-Altman limits of agreement (LoA) reported as bias±2 × SD.
[image: Table 3][image: Figure 8]FIGURE 8 | Validation in a total of four sheep subjects. Each row from (A) to (D) shows the predictions pertaining to a different sheep against its measured data. Solid blue line represents the prediction. Gold circles represent data.
Figure 9 shows the averaged mathematical model simulations to burn injury and resuscitation associated with CV, RAAS, and kidney function variables. HCT increases immediately post-burn due to hypovolemia, which is also reflected by a drop in CVP and CO. All three variables recover to their respective baseline values, and even show signs of over-resuscitation, which is consistent with the experimental data (see Figure 8). In contrast, MAP increases immediately post-burn despite the decrease in CO, which may be due to the vasoactive effects of inflammatory agents. However, MAP eventually decreases back to its baseline level on the average. The transient increase in MAP causes a transient increase in GFR and UO. But, they almost immediately decrease down to sub-normal values due to hypovolemia. Finally, they increase to supra-normal values as the animals undergo mild over-resuscitation. GFR shows a sustained increase compared to the other variables, because it is also affected by plasma albumin dilution (Zdolsek et al., 2010). As a result, the efferent resistance decreases while the afferent resistance increases, which collectively restore GFR to its normal level. As expected, all three elements of RAAS increase in response to the initial decrease in GFR to aggressively retain water and sodium. But, they eventually subside to remove excess water from the body and to lower BP, which is reflected in the decrease in total sodium reabsorption fraction. The decrease in total water reabsorption fraction is a result of the decrease in both RAAS activity and ADH level as the animals become slightly over-resuscitated. As a result, UO increases and remains above its normal range.
[image: Figure 9]FIGURE 9 | Validation in sheep: averaged mathematical model simulations. Solid line shows average prediction. Shaded area shows standard error. Fluid dose: scaled hourly infusion given to the animals. [image: image]: percentage deviation from the baseline value. [image: image]: total water reabsorption fraction. [image: image]: total sodium reabsorption fraction.
3.4 Validation in humans
Based on the sensitivity analysis described in Section 2.3.3, we determined 10 SS parameters (see Supplementary Table S2, Supplementary Material). Then, we validated the mathematical model using the training and test datasets.
Table 4 summarizes the goodness of fit metrics for UO predictions, which show that the mathematical model predicted UO in real burn patients very well in both training and test datasets. For example, NMAE in the test dataset is almost one-third of the prediction errors pertaining to a recent work based on a black box model to predict UO (NMAE = 30 (Meng et al., 2015)%) (Luo et al., 2015). This is a very encouraging improvement, especially considering the fact that our mechanistic mathematical model could predict many other internal physiological variables consistently with the literature, and with plausible parameter values (see Supplementary Table S2, Supplementary Material). Figure 10 shows that the mathematical model, even after restricting SS parameters to 10, could reproduce the inter-individual variability among patients with very similar demographics and injury severities. Each column in Figure 10 shows two patients whose weight and TBSA are almost identical. Despite the similarities, the response to burn injury and resuscitation were notably different. Yet, the mathematical model could replicate the physiological differences.
TABLE 4 | Accuracy metrics for goodness of fit, calculated on an individual basis, pertaining to the mathematical model trained using the human dataset. The metrics include normalized mean absolute error (NMAE; reported as median (IQR)), Pearson’s correlation coefficient (r), and Bland-Altman limits of agreement (LoA) reported as bias ± 2 × SD.
[image: Table 4][image: Figure 10]FIGURE 10 | Validation in humans: eight exemplary burn patients with diverse weights and burn injury severities. Each plot shows measured urinary output (UO) responses associated with a burn patient vs. the UO responses predicted by the mathematical model. Solid blue line denotes prediction. Gold circles denote data. The patient demographics are as follows: (A) TBSA 27% with 80 kg weight. (B) TBSA 36% with 66 kg weight. (C) TBSA 46% with 90 kg weight. (D) TBSA 60% with 71 kg weight. (E) TBSA 24% with 81 kg weight. (F) TBSA 35% with 94 kg weight. (G) TBSA 50% with 89 kg weight. (H) TBSA 60% with 102 kg weight.
Figure 11 shows the averaged mathematical model simulations to burn injury and resuscitation pertaining to the training dataset. On the average, the patients in the training dataset remained hypovolemic at the end of the 24 h, which is reflected by supra-baseline HCT values and sub-baseline value CVP and CO values. MAP was predicted to be higher than baseline for the entire 24 h due to vasoconstriction, which again demonstrates that it is not a good indicator of fluid resuscitation on its own, in accordance with the literature (Oda et al., 2006). Despite the decrease in CO, GFR remained supra-normal due to the dilution of plasma albumin as confirmed by experiments (Zdolsek et al., 2010). All three components of the RAAS were still supra-normal at the end of 24 h. If we continue the simulation beyond this point, we will observe a sustained decline in RAAS elements until a normal MAP is restored. The total reabsorption fractions for water and sodium increased and remained at supra-baseline levels to retain more water and replace the lost PV. However, the plasma sodium concentration was slightly sub-normal due to the increase in water reabsorption.
[image: Figure 11]FIGURE 11 | Validation in humans: averaged mathematical model simulations (120 patients in the training dataset). Solid line shows average prediction. Shaded area shows standard error. Fluid dose: scaled hourly infusion given to the patients. [image: image]: percentage deviation from the baseline value. [image: image]: total water reabsorption fraction. [image: image]: total sodium reabsorption fraction.
4 CONCLUSION
Previously, we developed and extensively validated mathematical models of burn injury and resuscitation using experimental data obtained from sheep and human burn patients. Here, we improved and extended the original mathematical model, particularly for kidney function and electrolyte dynamics by adding a detailed, mechanistic mathematical model of the kidney’s intrinsic regulatory mechanisms as well as reabsorption mechanisms. Additionally, motivated by the recent interests in hemodynamic monitoring of burn patients, we integrated CV system into the mathematical model. We also added RAAS which is directly relevant to both kidney function and CV system.
Using the experimental data collected from 15 pigs resuscitated with 3 distinct protocols, 9 sheep, and 233 humans, all with extensive burns, we validated the new components of the mathematical model and showed that it could not only predict HCT, CVP, CO, MAP, UO, and [image: image] with an adequate accuracy, but also provide insights into the burn resuscitation effectiveness in restoring VK, CV, and kidney function variables.
To the best of our knowledge, this is the first study to show the potential to conduct hypothesis testing relevant to burn injury and resuscitation using a mathematical model, which is extensively validated for VK, CV, kidney function, and RAAS mechanisms in a large and diverse set of burn patients with significant inter-subject variability.
The validation of our mathematical model has several limitations. First, validation of our human mathematical model was limited to urinary output measurements. To address this shortfall, we extensively investigated the plausibility of the predicted variables against available literature. However, literature cannot entirely substitute more comprehensive datasets. Second, since all burn patients and experimental subjects in our dataset were resuscitated with LR, the mathematical model may lack validated predictions for other resuscitation fluids, such as colloids or alternative crystalloids, limiting its applicability in diverse clinical scenarios.
In the future, we may use the mathematical model to generate cohorts of virtual patients suited to in silico testing of new burn resuscitation protocols and decision support systems. In pre-clinical settings based on large animals, we may use the mathematical models trained and tested using pigs and sheep. These large mammals are regularly used for pre-clinical in vivo testing due to several advantages over rodents. However, all these experiments are resource intensive, time-consuming and impose financial and ethical costs (Burmeister et al., 2022). A credible and transparent mathematical model could essentially complement large animal experiments in the pre-clinical development and evaluation of new resuscitation algorithms by way of its ability to furnish plausible and realistic predictions of physiological variables in response to burn injury and resuscitation.
In addition to the intended use of the mathematical model as a reliable in silico evaluation platform, the mathematical model may offer additional benefits, including: (i) serving as a training tool for healthcare providers, (ii) a scientific tool for garnering deep insight into the pathophysiology of burn shock and resuscitation which cannot be gathered from animal experiments and clinical studies, and (iii) a mathematical tool to enable the simulation of CV system, kidney function, and the RAAS targeted to purposes and contexts beyond burn injury and resuscitation.
DATA AVAILABILITY STATEMENT
The data analyzed in this study is subject to the following licenses/restrictions: The sources of data for the pigs, sheep, and human subjects are referenced in the paper. None of the datasets were publicly accessible, but co-authors involved in collecting the data had access and permission to use it for this analysis. Requests to access these datasets should be directed to david.burmeister@usuhs.edu for pig data, george.kramer@gmail.com for sheep data, andjose.salinas4.civ@mail.mil for the clinical dataset.
AUTHOR CONTRIBUTIONS
GA: Conceptualization, Data curation, Formal Analysis, Investigation, Methodology, Project administration, Software, Validation, Visualization, Writing–original draft, Writing–review and editing. GK: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Methodology, Resources, Supervision, Writing–review and editing. DB: Conceptualization, Data curation, Funding acquisition, Investigation, Project administration, Resources, Supervision, Writing–review and editing. JS: Data curation, Resources, Writing–review and editing. J-OH: Conceptualization, Data curation, Formal Analysis, Funding acquisition, Investigation, Methodology, Project administration, Resources, Supervision, Validation, Writing–original draft, Writing–review and editing.
FUNDING
The author(s) declare that financial support was received for the research, authorship, and/or publication of this article. This work was supported in part by CDMRP under Grants W81XWH-19-2-0004 and W81XWH-19-1-0322.
PUBLISHER’S NOTE
All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.
AUTHOR DISCLAIMER
The opinions and assertions expressed herein are those of the author(s) and do not reflect the official policy or position of the Uniformed Services University of the Health Sciences or the Department of Defense.
SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fphys.2024.1467351/full#supplementary-material
REFERENCES
 Abdolrazaghi M., Navidbakhsh M., Hassani K. (2010). Mathematical modelling and electrical analog equivalent of the human cardiovascular system. Cardiovasc Eng. 10 (2):45–51. doi:10.1007/s10558-010-9093-0
 ArabiDarrehDor G., Kao Y. M., Oliver M. A., Parajuli B., Carney B. C. Keyloun J. W., et al. (2022). The potential of arterial pulse wave analysis in burn resuscitation: a pilot in vivo study. J. Burn Care and Res. 44, 599–609. doi:10.1093/jbcr/irac097
 Arabidarrehdor G., Tivay A., Bighamian R., Meador C., Kramer G. C. Hahn J. O., et al. (2021b). Mathematical model of volume kinetics and renal function after burn injury and resuscitation. Burns 47 (2), 371–386. doi:10.1016/j.burns.2020.07.003
 Arabidarrehdor G., Tivay A., Meador C., Kramer G. C., Hahn J. O., Salinas J. (2021a). Mathematical modeling, in-human evaluation, and analysis of volume kinetics and kidney function after burn injury and resuscitation. IEEE Trans. Biomed. Eng. , 1. doi:10.1109/TBME.2021.3094515
 Banstola A., Reynolds J. N. J. (2022). The sheep as a large animal model for the investigation and treatment of human disorders. Biology 11 (9), 1251. doi:10.3390/biology11091251
 Blair-West J. R., Coghlan J. P., Denton D. A., Goding J. R., Munro J. A. Peterson R. E., et al. (1962). Humoral stimulation of adrenal cortical secretion. J. Clin. Investig. 41 (8), 1606–1627. doi:10.1172/JCI104619
 Bozkurtid S. (2019). Mathematical modeling of cardiac function to evaluate clinical cases in adults and children. PLoS One 14, e0224663. doi:10.1371/journal.pone.0224663
 Brenner B. M., Troy J. L., Daugharty T. M., Deen W. M., Robertson C. R. (1972). Dynamics of glomerular ultrafiltration in the rat. II. Plasma-flow dependence of GFR. Plasma-flow dependence GFR. doi 101152/ajplegacy197222351184 223 (5), 1184–1190. doi:10.1152/ajplegacy.1972.223.5.1184
 Bresler E. H., Groome L. J. (1981). On equations for combined convective and diffusive transport of neutral solute across porous membranes. Am. J. Physiol. 241 (5), F469–F476. doi:10.1152/ajprenal.1981.241.5.F469
 Burmeister D. M., Supp D. M., Clark R. A., Tredget E. E., Powell H. M. Enkhbaatar P., et al. (2022). Advantages and disadvantages of using small and large animals in burn research: proceedings of the 2021 research special interest group. J. Burn Care Res. 43 (5), 1032–1041. doi:10.1093/jbcr/irac091
 Carr E. A. (2012). “Shock: pathophysiology, diagnosis, treatment, and physiologic response to trauma,” in Equine surgery . 4th ed. ( W.B. Saunders), 1–13.
 Cartotto R., Burmeister D. M., Kubasiak J. C. (2022). Burn shock and resuscitation: review and state of the science. J. Burn Care Res. 43 (3), 567–585. doi:10.1093/jbcr/irac025
 Caruso D. M., Matthews M. R. (2016). Monitoring end points of burn resuscitation. Crit. Care Clin. 32 (4), 525–537. doi:10.1016/j.ccc.2016.06.012
 Chapple C., Bowen B. D., Reed R. K., Xie S. L., Bert J. L. (1993). A model of human microvascular exchange: parameter estimation based on normals and nephrotics. Comput. Methods Programs Biomed. 41 (1), 33–54. doi:10.1016/0169-2607(93)90064-r
 Czerwin B. J., Patel S., Chiofolo C. M., Yuan J., Chbat N. W. (2021). Modeling the steady-state effects of mean arterial pressure on the kidneys. IEEE Open J. Eng. Med. Biol. 2, 1–10. doi:10.1109/OJEMB.2020.3036547
 Deen W. M., Robertson C. R., Brenner B. M. (1972). A model of glomerular ultrafiltration in the rat. Am. J. Physiol. 223 (5), 1178–1183. doi:10.1152/ajplegacy.1972.223.5.1178
 D’Orsi L., Curcio L., Cibella F., Borri A., Gavish L. Eisenkraft A., et al. (2021). A mathematical model of cardiovascular dynamics for the diagnosis and prognosis of hemorrhagic shock. Math. Med. Biol. 38 (4), 417–441. doi:10.1093/imammb/dqab011
 Dries D. J., Waxman K. (1991). Adequate resuscitation of burn patients may not be measured by urine output and vital signs. Crit. Care Med. 19 (3), 327–329. doi:10.1097/00003246-199103000-00007
 Elgjo G. I., Traber D. L., Hawkins H. K., Kramer G. C. (2000). Burn resuscitation with two doses of 4 mL/kg hypertonic saline dextran provides sustained fluid sparing: a 48-hour prospective study in conscious sheep. J. Trauma - Inj. Infect. Crit. Care 49 (2), 251–263. doi:10.1097/00005373-200008000-00011
 Good D. W. (2007). Nongenomic actions of aldosterone on the renal tubule. Hypertension 49 (4), 728–739. doi:10.1161/01.HYP.0000259797.48382.b2
 Greenhalgh D. G. (2010). Burn resuscitation: the results of the ISBI/ABA survey. Burns 36 (2), 176–182. doi:10.1016/j.burns.2009.09.004
 Guyton A. C. (1975). “Role of aldosterone in fluid volume and electrolyte control,” in Dynamics and control of the body fluids, circulatory physiology II ( W.B. Saunders Company), 291. 
 Guyton A. C., Hall J. E. (2011a). Urine Formation by the kidneys: I. Glomerular filtration, renal blood flow, and their control, Textbook of medical physiology, 12th edition, Philadelphia: Elsevier Saunders, 307–346. 
 Guyton A. C., Hall J. E. (2011b). Urine Formation by the kidneys: II. Tubular reabsorption and secretion, Textbook of medical physiology, 12th edition, Philadelphia: Elsevier Saunders, 307–346. 
 Hasanin A., Mukhtar A., Nassar H. (2017). Perfusion indices revisited. J. Intensive Care 5 (1), 24–28. doi:10.1186/s40560-017-0220-5
 Heller H., Zaidi S. M. (1957). The metabolism of exogenous and endogenous antidiuretic hormone in the kidney and liver in vivo. Br. J. Pharmacol. Chemother. 12 (3), 284–292. doi:10.1111/j.1476-5381.1957.tb00136.x
 Kao Y. M., Arabidarrehdor G., Parajuli B., Ziedins E. E., McLawhorn M. M. D’Orio C. S., et al. (2024). Initial development and analysis of a context-aware burn resuscitation decision-support algorithm. Electron. (Basel) 13 (14), 2713. doi:10.3390/electronics13142713
 Kappel F., Peer R. O. (1993). A mathematical model for fundamental regulation processes in the cardiovascular system. J. Math. Biol. 31, 611–631. doi:10.1007/BF00161201
 Karavaev A. S., Ishbulatov Y. M., Ponomarenko V. I., Prokhorov M. D., Gridnev V. I. Bezruchko B. P., et al. (2016). Model of human cardiovascular system with a loop of autonomic regulation of the mean arterial pressure. J. Am. Soc. Hypertens. 10 (3), 235–243. doi:10.1016/j.jash.2015.12.014
 Kislova Y. V., Bogomolov A. V., Soloshenko N. V. (2006). Mathematical modeling of cardiovascular system in patients with hemorrhage and hypothermia. Biomed. Eng. (NY) 40 (4), 167–170. doi:10.1007/s10527-006-0070-2
 Kurtz A. (2012). Control of renin synthesis and secretion. Am. J. Hypertens. 25 (8), 839–847. doi:10.1038/ajh.2011.246
 Layton A. T., Layton H. E. (2019). A computational model of epithelial solute and water transport along a human nephron. PLoS Comput. Biol. 15 (2), e1006108. doi:10.1371/journal.pcbi.1006108
 Luo Q., Li W., Zou X., Dang Y., Wang K. Wu J., et al. (2015). Modeling fluid resuscitation by formulating infusion rate and urine output in severe thermal burn adult patients: a retrospective cohort study. Biomed. Res. Int. 2015, 508043. doi:10.1155/2015/508043
 Meng L., Hou W., Chui J., Han R., Gelb A. W. (2015). Cardiac output and cerebral blood FlowThe integrated regulation of brain perfusion in adult humans. Anesthesiology 123 (5), 1198–1208. doi:10.1097/ALN.0000000000000872
 Moss R., Thomas S. R. (2014). Hormonal regulation of salt and water excretion: a mathematical model of whole kidney function and pressure natriuresis. Am. J. Physiol. Ren. Physiol. 306 (2), F224–F248. doi:10.1152/ajprenal.00089.2013
 Oda J., Yamashita K., Inoue T., Harunari N., Ode Y. Mega K., et al. (2006). Resuscitation fluid volume and abdominal compartment syndrome in patients with major burns. Burns 32 (2), 151–154. doi:10.1016/j.burns.2005.08.011
 Paratz J. D., Stockton K., Paratz E. D., Blot S., Muller M. Lipman J., et al. (2014). Burn resuscitation--hourly urine output versus alternative endpoints: a systematic review. Shock 42 (4), 295–306. doi:10.1097/SHK.0000000000000204
 Quarteroni A., Manzoni A., Vergara C. (2017). The cardiovascular system: mathematical modelling, numerical algorithms and clinical applications. Acta Numer. 26, 365–590. doi:10.1017/s0962492917000046
 Salinas J., Chung K. K., Mann E. A., Cancio L. C., Kramer G. C. Serio-Melvin M. L., et al. (2011). Computerized decision support system improves fluid resuscitation following severe burns: an original study. Crit. Care Med. 39 (9), 2031–2038. doi:10.1097/CCM.0b013e31821cb790
 Salinas J., Serio-Melvin M., Fenrich C., Chung K., Kramer G., Cancio L. (2012). 225. Crit. Care Med. 40, 1–328. doi:10.1097/01.ccm.0000424443.25741.92
 Salyer S. A., Parks J., Barati M. T., Lederer E. D., Clark B. J. Klein J. D., et al. (2013). Aldosterone regulates Na+, K+ ATPase activity in human renal proximal tubule cells through mineralocorticoid receptor. Biochimica Biophysica Acta (BBA) - Mol. Cell. Res. 1833 (10), 2143–2152. doi:10.1016/j.bbamcr.2013.05.009
 Schaefer T. J., Nunez Lopez O. (2023). “Burn resuscitation and management”, in StatPearls . Treasure Island, FL: StatPearls Publishing. Available at: https://www.ncbi.nlm.nih.gov/sites/books/NBK430795/
 Tivay A., Darreh Dor G. A., Bighamian R., Kramer G. C., Hahn J. O. (2019). “A regularized system identification approach to subject-specific physiological modeling with limited data,” in 2019 American Control Conference (ACC) (Philadelphia, PA, United States: Institute of Electrical and Electronics Engineers Inc.), 3468–3473. doi:10.23919/ACC.2019.8815199
 Tivay A., Jin X., Lo A., Scully C. G., Hahn J. O. (2020). Practical use of regularization in individualizing a mathematical model of cardiovascular hemodynamics using scarce data. Front. Physiol. 11, 452. doi:10.3389/fphys.2020.00452
 Uttamsingh R. J., Leaning M. S., Bushman J. A., Carson E. R., Finkelstein L. (1985). Mathematical model of the human renal system. Med. Biol. Eng. Comput. 23 (6), 525–535. doi:10.1007/BF02455306
 Voets PJGM, Maas RPPWM (2018). Extracellular volume depletion and resultant hypotonic hyponatremia: a novel translational approach. Math. Biosci. 295, 62–66. doi:10.1016/j.mbs.2017.11.005
 Walters E. M., Prather R. S. (2013). Advancing swine models for human Health and diseases. Mo Med. 110 (3), 212–215.
 W O., Jj B., R F., Af L., Jj M., Ji R. (1974). Sensitization of the adrenal cortex to angiotensin II in sodium-deplete man. Circ. Res. 34 (1), 69–77. doi:10.1161/01.res.40.4.69
 Zdolsek H. J., Kågedal B., Lisander B., Hahn R. G. (2010). Glomerular filtration rate is increased in burn patients. Burns 36 (8), 1271–1276. doi:10.1016/j.burns.2010.03.012
Conflict of interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.
Copyright © 2024 ArabiDarrehDor, Kramer, Burmeister, Salinas and Hahn. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/inline_23.gif
F






OPS/images/inline_24.gif
Fuo






OPS/images/inline_22.gif





OPS/images/inline_27.gif
Vp





OPS/images/inline_28.gif
Var





OPS/images/inline_25.gif
Juo





OPS/images/inline_26.gif
INa" |uo





OPS/images/inline_30.gif





OPS/images/inline_29.gif
Vir





OPS/images/inline_3.gif
Var





OPS/images/inline_33.gif





OPS/images/inline_34.gif
nec





OPS/images/inline_31.gif
Vg





OPS/images/inline_32.gif
M rfap





OPS/images/inline_37.gif
| Ang 11





OPS/images/inline_38.gif
M rfap





OPS/images/inline_35.gif
| Ang 11





OPS/images/inline_36.gif
Vg





OPS/images/inline_39.gif





OPS/images/inline_4.gif
Vir





OPS/images/inline_175.gif
JGF





OPS/images/inline_174.gif
JGER





OPS/images/inline_177.gif
JGER





OPS/images/inline_176.gif
JGER





OPS/images/inline_173.gif
Rggyf





OPS/images/inline_172.gif
Ragy





OPS/images/inline_179.gif





OPS/images/inline_178.gif





OPS/images/inline_185.gif





OPS/images/inline_18.gif
At





OPS/images/crossmark.jpg
©

|





OPS/images/inline_16.gif
Ap





OPS/images/inline_159.gif





OPS/images/inline_167.gif





OPS/images/inline_160.gif





OPS/images/inline_158.gif





OPS/images/inline_171.gif
JGER





OPS/images/inline_169.gif
'Na





OPS/images/inline_168.gif
W





OPS/images/inline_170.gif
AlGEr





OPS/images/inline_17.gif
Apr





OPS/images/inline_186.gif
I W





OPS/images/inline_187.gif
I Na





OPS/images/inline_19.gif
Ap





OPS/images/inline_190.gif
I Na





OPS/images/inline_188.gif





OPS/images/inline_189.gif
I W





OPS/images/inline_20.gif
(J;





OPS/images/inline_21.gif
Apr





OPS/images/inline_191.gif





OPS/images/inline_2.gif
Ap





OPS/images/inline_15.gif
Vir





OPS/images/inline_149.gif





OPS/images/inline_151.gif





OPS/images/inline_150.gif
yii (ty, 0)





OPS/images/inline_157.gif





OPS/images/inline_156.gif





OPS/images/inline_153.gif





OPS/images/inline_152.gif





OPS/images/inline_155.gif





OPS/images/inline_154.gif





OPS/images/inline_14.gif
Var





OPS/images/inline_141.gif





OPS/images/inline_140.gif





OPS/images/inline_147.gif





OPS/images/inline_146.gif
v (t)





OPS/images/inline_148.gif





OPS/images/inline_143.gif





OPS/images/inline_142.gif





OPS/images/inline_145.gif





OPS/images/inline_144.gif





OPS/images/inline_130.gif
Vp





OPS/images/inline_13.gif





OPS/images/inline_137.gif





OPS/images/inline_135.gif





OPS/images/inline_139.gif





OPS/images/inline_138.gif





OPS/images/inline_132.gif





OPS/images/inline_131.gif
Vp





OPS/images/inline_134.gif





OPS/images/inline_133.gif
Vp





OPS/images/inline_129.gif





OPS/images/inline_120.gif
INa™ | vp





OPS/images/inline_126.gif
| Ang 11





OPS/images/cover.jpg
’ frontiers | Frontiersin Physiology

A mathematical model for
simulation of cardiovascular,
renal, and hormonal responses
to burn injury and resuscitation





OPS/images/inline_125.gif





OPS/images/inline_128.gif
Vp





OPS/images/inline_127.gif





OPS/images/inline_122.gif





OPS/images/inline_121.gif
INa™ | vp





OPS/images/inline_124.gif
INa™ | vp





OPS/images/inline_123.gif





OPS/images/inline_12.gif
Juo





OPS/images/inline_119.gif
INa™ | vp





OPS/images/inline_116.gif
INa" |uo





OPS/images/inline_115.gif
Juo





OPS/images/inline_118.gif
JGER





OPS/images/inline_117.gif





OPS/images/inline_112.gif





OPS/images/inline_96.gif





OPS/images/inline_111.gif
JGER





OPS/images/inline_97.gif
| pN





OPS/images/inline_114.gif
INa™ | vp





OPS/images/inline_113.gif
FGER





OPS/images/inline_95.gif
I p





OPS/images/math_1.gif
argmin J,(0) = argmin






OPS/images/inline_98.gif
N





OPS/images/inline_99.gif
N





OPS/images/inline_11.gif
Vp





OPS/images/inline_109.gif
Pc





OPS/images/inline_110.gif





OPS/images/inline_106.gif





OPS/images/inline_105.gif
Fyr





OPS/images/inline_108.gif





OPS/images/inline_107.gif
I'c





OPS/images/inline_102.gif
PE





OPS/images/inline_104.gif
PE





OPS/images/inline_103.gif
Fyr





OPS/images/inline_10.gif
Vir





OPS/images/inline_1.gif
Vp





OPS/images/inline_101.gif
Fni





OPS/images/inline_100.gif
| pN





OPS/images/fphys-15-1467351-t002.jpg
CVP [mmHg] CO [lpm] MAP [mmHg] UO [mL/h] [Na*] [mEq/L]

‘ NMAE [%] ‘ 142 (5.1) 16.4 (10) 14.43 (6.8) ‘ 15.11 (6.5) 1561 (1)
‘ T ‘ 0.86 079 084 ‘ 074 081

‘ LoA ‘ ~0.14 £ 3.05 0.04 £ 090 ~091 + 1653 ‘ 3.08 + 3234 021 +3.04






OPS/xhtml/nav.xhtml
Contents

		Cover

		A mathematical model for simulation of cardiovascular, renal, and hormonal responses to burn injury and resuscitation		Introduction

		Methods

		Results

		Discussion

		1 Introduction

		2 Material and methods		2.1 Mathematical model development

		2.2 Mathematical model training and testing





		3 Results and discussion		3.1 Verification

		3.2 Validation in pigs

		3.3 Validation in sheep

		3.4 Validation in humans





		4 Conclusion

		Data availability statement

		Author contributions

		Funding

		Publisher’s note

		Author disclaimer

		Supplementary material

		References









OPS/images/fphys-15-1467351-t001.jpg
Training Testing

Subject Number 15 8 120 ‘ 133
TBSA (%] 40 40 4218 [ 3818
W lkg] 31742 40 8518 ‘ 86+ 22
Resuscitation Paradigm [P1] No IV fluids UO: 1-2 mL/kgh UO: 30-50 mL/h
[P2] UO: 1-1.5 mL/kg/h
[P3] Over-resuscitation
Measurements UO, MAP, CO, CVP([Na'] HCT uo
MAP, €O, CVP

uo






OPS/images/fphys-15-1467351-t004.jpg
Training (N

st (| 113)

NMAE (%] 1315 (5.5) 1120 (6.0)
r 0.69 085

LoA 094 £ 43 034 £ 36






OPS/images/fphys-15-1467351-t003.jpg
CVP [mmHg] CO [lpm] MAP [mmHg] UO [mL/h]

‘ NMAE [%] ‘ 168 (13.4) 19.1 (8.7) 13.4 (8.6) ‘ 16.1 (8.4) 157 (6.1)
‘ r ‘ 0.85 0.62 0.83 ‘ 083 0.5

‘ LoA ‘ 0.003 £ 0.05 018 +25 01 097 ‘ -1.96 + 1275 3845






OPS/images/inline_77.gif
nec





OPS/images/fphys-15-1467351-g011.gif





OPS/images/fphys-15-1467351-g010.gif
VO iminp

1

|

—





OPS/images/inline_8.gif
Vp





OPS/images/inline_80.gif
INa™ | vp





OPS/images/inline_78.gif
INa™ | vp





OPS/images/inline_79.gif
JGER





OPS/images/inline_83.gif





OPS/images/inline_84.gif





OPS/images/inline_81.gif
JGER





OPS/images/inline_82.gif





OPS/images/inline_85.gif





OPS/images/fphys-15-1467351-g005.gif





OPS/images/fphys-15-1467351-g006.gif





OPS/images/fphys-15-1467351-g003.gif





OPS/images/fphys-15-1467351-g004.gif





OPS/images/fphys-15-1467351-g009.gif





OPS/images/fphys-15-1467351-g007.gif





OPS/images/fphys-15-1467351-g008.gif





OPS/images/fphys-15-1467351-g001.gif
©

oo | WELUOM

of wen
) o ||
o PRI ey I
)






OPS/images/inline_86.gif
I'x





OPS/images/fphys-15-1467351-g002.gif





OPS/images/inline_87.gif
My





OPS/images/inline_9.gif
Var





OPS/images/inline_90.gif





OPS/images/inline_88.gif
| vy





OPS/images/inline_89.gif
Fyy





OPS/images/inline_93.gif
Px





OPS/images/inline_94.gif





OPS/images/inline_91.gif
Fyv





OPS/images/inline_92.gif
'y





OPS/images/inline_6.gif
At





OPS/images/inline_60.gif
e





OPS/images/inline_59.gif
e





OPS/images/inline_63.gif
nec





OPS/images/inline_64.gif
| RPE





OPS/images/inline_61.gif
| e





OPS/images/inline_62.gif
Pp





OPS/images/inline_67.gif
Ragy





OPS/images/logo.jpg
¥ frontiers | Frontiers in Physiology





OPS/images/inline_65.gif
JGER





OPS/images/inline_66.gif
Pra





OPS/images/inline_7.gif





OPS/images/inline_70.gif
Ragy





OPS/images/inline_68.gif
JGER





OPS/images/inline_69.gif
INa™ | vp





OPS/images/inline_73.gif
JGER





OPS/images/inline_74.gif
INa™ | vp





OPS/images/inline_71.gif





OPS/images/inline_72.gif
INa™ | vp





OPS/images/inline_75.gif
Rggyf





OPS/images/inline_76.gif
JGER





OPS/images/inline_40.gif





OPS/images/inline_43.gif
M rfap





OPS/images/inline_44.gif
| Ang 11





OPS/images/inline_41.gif





OPS/images/inline_42.gif
Vg





OPS/images/inline_47.gif





OPS/images/inline_48.gif
| RPE





OPS/images/inline_45.gif





OPS/images/inline_46.gif





OPS/images/inline_49.gif
Pra





OPS/images/inline_5.gif
Apr





OPS/images/inline_50.gif





OPS/images/inline_53.gif
| e





OPS/images/inline_54.gif
| RPE





OPS/images/inline_51.gif
| e





OPS/images/inline_52.gif
e





OPS/images/inline_57.gif
e





OPS/images/inline_58.gif
e





OPS/images/inline_55.gif
Regy





OPS/images/inline_56.gif
Kpyv





