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Abstract

Intensive care medicine is complex and resource-demanding. A critical and common chal-

lenge lies in inferring the underlying physiological state of a patient from partially observed

data. Specifically for the cardiovascular system, clinicians use observables such as heart

rate, arterial and venous blood pressures, as well as findings from the physical examination

and ancillary tests to formulate a mental model and estimate hidden variables such as car-

diac output, vascular resistance, filling pressures and volumes, and autonomic tone. Then,

they use this mental model to derive the causes for instability and choose appropriate inter-

ventions. Not only this is a very hard problem due to the nature of the signals, but it also

requires expertise and a clinician’s ongoing presence at the bedside. Clinical decision sup-

port tools based on mechanistic dynamical models offer an appealing solution due to their

inherent explainability, corollaries to the clinical mental process, and predictive power. With

a translational motivation in mind, we developed iCVS: a simple, with high explanatory

power, dynamical mechanistic model to infer hidden cardiovascular states. Full model esti-

mation requires no prior assumptions on physiological parameters except age and weight,

and the only inputs are arterial and venous pressure waveforms. iCVS also considers auto-

nomic and non-autonomic modulations. To gain more information without increasing model

complexity, both slow and fast timescales of the blood pressure traces are exploited, while

the main inference and dynamic evolution are at the longer, clinically relevant, timescale of

minutes. iCVS is designed to allow bedside deployment at pediatric and adult intensive care

units and for retrospective investigation of cardiovascular mechanisms underlying instability.

In this paper, we describe iCVS and inference system in detail, and using a dataset of criti-

cally-ill children, we provide initial indications to its ability to identify bleeding, distributive

states, and cardiac dysfunction, in isolation and in combination.
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Author summary

A common challenge clinicians face across different disciplines is estimating the hidden

physiological state of a patient based on partially observed data. Here we describe iCVS

(inferring Cardio-Vascular States): a dynamical mechanistic model of the cardiovascular

system. We developed iCVS with a translational goal in mind, showing high explanatory

power, its inference relies only on routinely available signals, and enables the identifica-

tion of various clinically important shock states. We demonstrate the use of the model on

a dataset that was collected in a pediatric intensive care unit.

Introduction

Clinical challenge

Intensive care medicine is complex, resource demanding and expensive. High-stakes decisions

need to be made rapidly based on the evolving clinical state of the patient and the interpreta-

tion by clinicians of continuous physiological and ancillary data. The patient’s cardiovascular

state may fluctuate over minutes with rapid transitions due to external perturbations, internal

failures of the physiological sub-components, or their control. Moreover, these patients are

very diverse in their physiological and disease processes. Inferring the underlying hidden phys-

iological state of a patient from observed data is a critical problem that is encountered by clini-

cians across different disciplines daily. While the modality of the available data and the

frequency of sampling may vary between different clinical scenarios, in almost all cases clini-

cians must rely on partial observations that are a peripheral reflection of the internal, hidden

states that are of importance. Specifically, clinicians use observable measurements of heart

rate, arterial and venous blood pressures as well as findings from the physical examination

(capillary refill, extremity temperature, etc.) to estimate internal variables that are not readily

observable at the bedside such as cardiac output, systemic vascular resistance, filling pressures

and volumes, autonomic tone, and more. As the physiological signals are often noisy and

ambiguous, creating these mental models is a notoriously hard task that requires clinical

expertise. Moreover, since the patient’s state fluctuates frequently, repeat assessments by clini-

cians are required. The clinicians then use this mental model of the patient’s cardiovascular

internal state to derive the causes of instability such as shock type (hypovoloemic, cardiac or

distributive for example), and choose appropriate treatments and interventions.

Modeling background

The large amount of data available from ICUs motivated researchers from computational dis-

ciplines to develop mathematical tools which aim to support decision-making in this area. An

appealing approach to the analysis of continuous physiological times series relies on mechanis-

tic modeling, grounded in a biophysical understanding of systems. Mechanistic modeling of

the cardiovascular system often requires an understanding of the cardiac cycle as a pump cou-

pled to the arterial and venous conductance systems with associated autonomic nervous con-

trol. This understanding is derived from years of experiments analyzing human and animal

cardiovascular physiology. Such models are usually based on sets of ordinary differential equa-

tions (ODEs). In a sense, they simulate the thought process of the critical-care physician at the

bedside trying to estimate the underlying pathophysiology of the patient to tailor care. How-

ever, due to the complexity of even the simplest models and the number of unobserved
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variables and unknown parameters, such mechanistic models were mostly published in the

context of well-curated “toy” datasets and in-silico simulations ([1–5]; barring a few excep-

tions. See also the thorough review by Chase et al [4]).

Although simplified mechanistic models of the cardiovascular system show promise, so far,

to the best of our knowledge, there are none that have been developed specifically for, and

tested on data collected from critically-ill patients at the bedside, nor validated in real-life set-

tings. There are several challenges standing in the way of using mechanistic models at the ICU

bedside based on real-time data; these have prevented their deployment so far, and also stood

in the way of using them to gain insights into the physiology of critical illness. First, as noted

above, mechanistic models require estimating multiple hidden physiological parameters and

variables: inverse problems are notoriously difficult, and their solutions are often non-unique.

To overcome such difficulties, prior works reduced the number of free parameters by assum-

ing constant values for some of the parameters, often taken from the literature to describe a

“typical subject” [2, 5–8]. However, physiological properties can vary considerably between

subjects, and attempting to use a “one size fits all” parameter often fails to properly character-

ize most patients. An example where this problem is particularly acute is in pediatric critical

care units, where patient weight and normative values can vary significantly [9–11]. Thus, for

a model to be useful at the bedside, minimal apriori assumptions regarding the values of hid-

den parameters must be made. Even so, most published models are still quite complex and

require estimation of many hidden variables, and thus rely on sampling of multiple invasive

variables that are not readily available outside of a dedicated, specialized laboratory. Many of

these models are extremely complex, as they attempt to capture cardiovascular dynamics at

second or even sub-second resolution, containing multiple coupled differential equations and

hidden parameters rendering them nonidentifiable. On the other hand, limiting model com-

plexity to reduce the number of estimated parameters and variables entails a reduction in the

explanatory power of such models. Of note, there are several commercially available tools for

bedside clinical use that attempt to estimate hidden cardiovascular variables such as cardiac

output or systemic vascular resistance that rely, at least to some extent, on simple and crude

mechanistic assumptions and models (as reviewed in [12, 13] or tested in children in [14]).

Some of these tools are based on analysis of the arterial pulse wave and either utilize norms

derived from published population data, or, calibration based on dilution methods. These

tools are mostly used in adult care and have not entered common practice in pediatric critical

care, partly due to concerns regarding their accuracy stemming from some of the challenges

detailed above. Moreover, the models these tools rely on, if any, are usually extremely simple

and do not account for any internal regulatory mechanisms, nor do they incorporate effects

over timescales longer than several seconds. Thus, there is a delicate balance as a result of this

trade-off between model complexity and estimability using readily available observations.

Second, the measurement frequency of physiological variables in the clinical world varies

from continuous monitoring of vital signs to imaging techniques which are conducted once a

day or even less. For example, in the ICU, blood pressure and arterial blood oxygen saturation

are continuously monitored, while additional indirect estimation of cardiac function or vol-

umes using tools such as echocardiograms are usually performed infrequently, every several

hours to days. Models which rely on low-frequency measurements can be good for chronic

conditions such as heart failure [2]. However, to estimate the state of unstable patients, mecha-

nistic models should rely only on measurements with high temporal resolution. Of note, up

until recently, [15] even these measurements that are commonly captured by the patient’s bed-

side monitor were not available for offline analysis or real-time ingestion for model inference.

An additional barrier to adapting cardiovascular mechanistic models to bedside use lies in

the need to account for various modes of autonomic nervous control: most previously
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published work focused on a single, simple feedback loop, neglecting other common auto-

nomic modulations.

Our approach: iCVS

Our motivation is translational in nature—develop an inference model that can estimate the

hidden cardiovascular state, its control, and any causes for instability, in real-time and using

only measurements that are readily available at the bedside for critically-ill patients. Such a

model can be used both as a clinical support tool at the bedside, and to foster an understanding

of the (patho-)physiology of critical illness. We derive a simple model (iCVS), which retains a

high explanatory power of the cardio-vascular system including cardio-vascular control, which

can capture different clinical scenarios such as bleeding or evolving hypovolemia, cardiogenic

shock and distributive shock, in isolation or in combinations. iCVS takes into account the

autonomic control of the cardiovascular system, which couples the dynamics of its different

components, mathematically imposing coupling constraints on inferred parameters. This

reduces the effective dimensionality of the parameter space over which we look for a solution

to an inverse problem, allowing us to infer a larger set of unobserved parameters compared to

previous models. The estimated parameters enable us to capture individual patients’ traits.

iCVS is designed to allow deployment at the bedside in the pediatric and adult intensive

care unit: no prior assumptions regarding the physiological parameters of the patients are

required except age and weight, and the only inputs which are required for the estimation pro-

cess are arterial and venous blood pressures waveforms, which are commonly measured in the

ICU. In order to gain more information about the cardiovascular state, without increasing

model complexity, we introduce a novel approach that exploits both slow and fast timescales

of the blood pressure trace. From the pulse contour shape of the blood pressure waveform, we

extract quantities related to the peripheral resistance, stroke volume, and pulse pressure, while

the main mathematical model and its inference run using the mean, smoothed, arterial and

venous pressures at the longer, clinically-relevant, time scale of minutes. Thus, the main model

and its inference focus on processes that evolve over minutes, and are of interest to clinicians,

and further allow for a much simpler model than those that capture all the intricacies of each

cardiac cycle [2]. All this is done while still capitalizing on information that can be extracted

only from the arterial pressure waveform.

In what follows, we describe the iCVS model and inference system in detail and demonstrate

its use and power for real-time estimation using a dataset of 10 patients admitted to a pediatric

intensive care unit. While our estimation process entails inferring the full iCVS model including

15 hidden parameters, we focus our demonstration on the identification of three clinical shock

states, representing a dire, hard clinical challenge, and a testable task. Shock, due to any cause is

a state in which the cardiovascular system fails to deliver an adequate supply of oxygen to the

tissues. There are several prototypical physiological shock states, each requiring specific inter-

ventions, without which there is a high risk for mortality or morbidity. Identifying shock and

its causes is a notoriously hard task due to the nature of the observed physiological signals

(demonstrated below), requiring continuous vigilance and clinical expertise. Specifically, using

iCVS, we map certain hidden parameter ranges to identify (i) ongoing bleeding, (ii) distributive

shock, and (iii) cardiogenic shock due to reduced cardiac contractility.

Results

iCVS: Model overview

The goal of this work is to derive a new model of the cardiovascular system which can be

deployed at the patient’s bedside, requires only routinely acquired measurements as input, and
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provides an inference of the hidden, internal physiological state of the patient in real-time. The

model should be flexible enough to capture the different types of shock and account for the

inter-subject variability which characterizes the patients in the pediatric and adult critical care

unit. The full details of the model and its development are provided in the Materials and Meth-

ods section.

Mechanistic models of the cardiovascular system are developed from first principles, tie

together changes in blood pressures and volumes, and usually use the latter as the dependent

dynamical variables in the set of ODEs [5]. We derive the model in terms of intravascular pres-

sures since arterial and venous blood pressures are directly measurable (in contrast to blood

volume). Briefly, our proposed model contains a one-chamber heart that acts like a pump [5],

an arterial component and a venous component, and further assumes the peripheral organs

can be lumped as a linear resistor (see Fig 1). In addition and importantly, the model contains

three regulatory units which are described below. The two dynamical equations which describe

the time-dependent evolution of the intravascular pressures are written as follows (the full der-

ivation can be found in Materials and methods):

Ca �
_PaðtÞ ¼ Ca �HrðtÞ � PpðtÞ �

PaðtÞ � PvðtÞ
RðtÞ

ð1Þ

Fig 1. A schematic representation of the cardiovascular model. The model is a serial circuit and contains one heart

chamber which acts like a pump, organs, and arterial and venous compartments. Heart rate, contractility, vascular

resistance and unstressed venous volume are affected by the baroreflex (Sb) which is determined by the arterial pressure,

and by S which is an independent component that does not depend on the current physiological state. In addition, intra-

vascular volume can change through Iex and the vascular resistance is also modulated by MSVR. Created with BioRender.
com.

https://doi.org/10.1371/journal.pcbi.1010835.g001
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Ca �
_PaðtÞ þ Cv �

_PvðtÞ � DVv0
� _StotðtÞ ¼ Iex: ð2Þ

Here Pa and Pv are the mean arterial and venous pressures respectively, Hr is the heart rate, R
is the systemic vascular resistance and Pp is the pulse pressure. In addition, Ca and Cv are the

arterial and venous compliances respectively, ΔVv0 is the difference between minimal and

maximal unstressed venous volume, Iex is the intravascular volume change, and Stot serves as a

general marker for the activation of the autonomic nervous system (see below).

Our proposed model contains fifteen hidden parameters (see Table 1), and five time-depen-

dent observables: mean arterial pressure, mean venous pressure, heart rate, peripheral resis-

tance, and pulse pressure (Table 2). We later show how the mechanistic model can be used to

estimate the hidden parameters based on the observables, and identify clinical states based on

the observed data (Fig 2).

Autonomic regulation of the cardiovascular system in iCVS. In our model, the auto-

nomic nervous system’s activation affects heart rate, cardiac contractility, unstressed venous

volume, and peripheral resistance. It consists of two components: (i) The baroreflex (Sb)—the

internal feedback loop that modulates heart rate, contractility, unstressed venous volume, and

the systemic vascular resistance (R), meant to keep the mean arterial blood pressure as close to

Table 1. List of estimated parameters.

Parameter Description

Pset Set point of the baro reflex

~Cv
Venous compliance over arterial compliance

~DVv0
Difference between maximal and minimal unstressed volume over arterial compliance

~I ex Intra vascular volume change over arterial compliance

Hrmin Minimal heart rate

Hrmax Maximal heart rate

~Rmin Minimal peripheral resistance multiplied by arterial compliance and by αRC
~Rmax Maximal peripheral resistance multiplied by arterial compliance and by αRC
~Kmin Minimal relative contractility

~Kmax maximal relative contractility

Sconst Constant component of the independent autonomic activation

Sslope Slope of the independent autonomic activation

Mconst Constant component of the modulation over peripheral resistance

Mslope Slope of the modulation over peripheral resistance

αRC A constant that scales the peripheral resistance

https://doi.org/10.1371/journal.pcbi.1010835.t001

Table 2. List of measurements.

Observable Description

bPa
Mean arterial pressure

bPv
Mean venous pressure

bPp
Pulse pressure

cHr Heart rate

cRC Peripheral resistance multiplied by the arterial compliance and scaled by a constant

https://doi.org/10.1371/journal.pcbi.1010835.t002
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a set-point (Pset) as possible. The baroreflex represents the autonomic component that is

dependent on the patient’s current cardiovascular state. (ii) An independent component (S),

representing the sum of all autonomic modulation which is independent of the cardiovascular

state. While the baroreflex Sb describes the activation of different components in response to a

reduction in the arterial blood pressure, and thus manifests as negative correlations between

the arterial blood pressure and the heart rate (as well as other variables), the independent auto-

nomic component S does not depend on the arterial blood pressure and thus enables the

model to capture different interactions between the blood pressure and heart rate, as well as

other cardio-vascular components (Fig 1). For example, this component is expected to rise

when sympathetic agonists are given, or when a “central arousal state” is present due to patient

agitation or in response to a noxious stimulus (a typical fight or flight response).

Non-Autonomic regulation of the cardiovascular system in iCVS. In iCVS, in addition

to the autonomic control, the systemic vascular resistance is independently modulated by a

component denoted by MSVR (Fig 1). This component enables the model to describe fluctua-

tions in the peripheral resistance which are uncoupled from the autonomic activation. This

can occur for example due to maladaptive vasodilatation that occurs during septic, vasoplegic,

or anaphylactic shock, or as a response to intravenous infusion of specific drugs that affect

SVR such as Norepinephrine or Vasopressin. Of note, a non-autonomic regulation on the sys-

temic vascular resistance appears also in [7], in the context of metabolic consumption during

physical activity. Total blood volume can be changed by an external current Iex which can be

either positive, as is the case when intravenous fluids are bolused, or negative, such as during

bleeding or loss of intravascular volume due to capillary leak or severe dehydration.

iCVS can simulate different shock states. The interplay between the fifteen parameters

of the model can generate different clinical scenarios. In this work we focus on three different

shock states which are described by three hidden parameters. Briefly, shock is a failure of the

cardiovascular system to supply adequate blood and oxygen to the body tissues. In order to

describe the hypovolemic shock state, we use Iex (intra-vascular volume change), which is neg-

ative in case of intravascular fluid or blood loss. A distributive shock state is equivalent to a

negative MSVR (non-autonomic vascular resistance modulation). In the next section, we also

discuss the cardiogenic shock state which is caused by a reduction in K (heart contractility).

Fig 2. Overview of the estimation process. A. Arterial and venous pressure waveforms are recorded via arterial and central venous catheters

that are connected to pressure transducers. Specifically, in this paper waveforms are sampled from critically-ill children hospitalized in an

intensive care unit and recorded at 125Hz. B. The raw data is analyzed and five measurements are extracted—the observables. C. The

observables are used as an input for the full model (iCVS) estimation and using constrained nonlinear optimization we obtain the set of

parameter values that best fit observables. Created with BioRender.com.

https://doi.org/10.1371/journal.pcbi.1010835.g002

PLOS COMPUTATIONAL BIOLOGY Inferring Cardio Vascular hidden States from physiological signals

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010835 September 5, 2023 7 / 29

https://doi.org/10.1371/journal.pcbi.1010835.g002
https://doi.org/10.1371/journal.pcbi.1010835


Fig 3 presents examples of different shock conditions of artificial neonate patients which

are generated by the mechanistic model. The internal parameters of the subjects are set and

two of them (Iex and MSVR) are presented (Fig 3A, 3B, 3I, 3J, 3Q and 3R). The observable

parameters (Fig 3C–3G, 3K–3O and 3S–3W) are simulated according to the iCVS model (see

Material and methods). The baroreflex, which depends on the current arterial pressure and

affects the observables is also presented (Fig 3H, 3P and 3X).

Panels A-H in Fig 3 present a simulation of a patient in a hypovolemic shock state, as can

happen with ongoing bleeding. The intravascular volume change (Iex) is negative (Fig 3A), rep-

resenting a reduction of intravascular volume over time, while the non-autonomic SVR modu-

lation (MSVR) remains constant (Fig 3B). As expected, we see that the arterial and venous

pressures decrease (Fig 3C and 3D). The heart rate and the vascular resistance reflexively rise

(Fig 3E and 3F) due to baroreflex activation which acts to maintain blood pressure and com-

pensates for the reduction in the intravascular volume (panel H). Note, that despite the baro-

reflex activation that increases the contractility, the pulse pressure (Fig 3G) decreases due to

the change in venous pressure and return (see also Eq 22 in Material and methods).

Panels I-P in Fig 3 present a simulation of a patient with a distributive shock state. The

parameter Iex is zero (Fig 3I), reflecting constant intravascular volume, while MSVR decreases

(Fig 3J), reflecting a reduction in the peripheral resistance which is not caused by the auto-

nomic nervous system. It is possible to see in Fig 3N that the heart rate increases (due to the

baroreflex activation, see panel P), the pulse pressure increases as well (due to the baroreflex

and rise in venous pressure), and the peripheral resistance decreases due to the reduction in

MSVR (Fig 3M).

Panels Q-X in Fig 3 present a simulation of a patient with a combined hypovolemic and dis-

tributive shock state. The reduction in the arterial blood pressure (Panel S in Fig 3) is more

pronounced than in either shock state separately.

Of note, in addition to simulating shock states, iCVS can emulate common clinical behav-

iors, such as a fight-or-flight response that is elicited by pain or a noxious stimulus, mediated

by autonomic tone modulation (see S1 Fig).

Estimation pipeline of the cardiovascular parameters from bedside-

acquired blood pressure waveforms

The estimation pipeline is schematically illustrated in Fig 2 and is described below and in

Material and Methods. Briefly, the first step includes the initial processing of the raw data and

extraction of five observables. In the next step, the observables serve as an input to an optimi-

zation function which is based on iCVS and we estimate the hidden parameters and the full

model.

Extracting the observables from the raw data. As a first step, we use waveforms of

venous and arterial blood pressure tracings, acquired at a high frequency that allow extraction

of the following five observables: mean arterial pressure, mean venous pressure, heart rate,

peripheral resistance, and pulse pressure (see Material and methods). We then use both slow

and high-frequency features of the data (Fig 4). From the slow time scale we calculate the

mean arterial and venous pressures. From the fast timescale (the scale of a single heartbeat),

we extract: heart rate (timing of consecutive beats), peripheral vascular resistance (up to a con-

stant, as detailed in Material and methods), and pulse pressure. These quantities, which cannot

be derived without the waveforms recorded at high-frequency (a sampling rate which is much

higher than the heart rate and can capture the shape of a single beat), are then smoothed and

used for model inference at the slower timescale of minutes. The peripheral resistance is

extracted using a non-calibrated pulse contour analysis method relying on assumptions of a
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Fig 3. Simulations of the iCVS model for different shock conditions. Each column presents a simulation of one artificial patient with a given shock

state: A-H—hypovolemic shock state, I-P—distributive shock state and Q-X—combined hypovolemic and distributive shock state. The hidden

parameters are fixed, and the observables are simulated accordingly (see Methods). Two of the hidden parameters are presented for each patient: A,

I, Q Time dependent intra vascular volume change (Iex). In A, Q liquid withdrawal occurs over a period of 15 minutes. B, J, R Time course of MSVR.

In J, R a reduction in MSVR occurs over a period of 15 minutes. C-H, K-P, S-X—the resulting observables: C, K, S Arterial pressure (Pa), D, L, T
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simplified Windkessel model and rectangular ejection pattern during systole that has been

described in detail elsewhere [16, 17].

Estimating the hidden cardiovascular parameters. The next step in the estimation pipe-

line is to use the above five observables, as well as information on a patient’s age and weight, to

fully estimate the hidden parameters of the iCVS model. Based on the iCVS model, we derive a

system of equations that relates the time-dependent measurements to the fifteen hidden physi-

ological parameters (see Material and methods). During the estimation procedure, a set of

optimal parameter values that yield the best solution for the time-dependent equations is cho-

sen by minimizing a constrained nonlinear multivariate cost function (see more details in

Material and methods). For the illustrations shown below, the estimation procedure is

Venous pressure (Pv), E, M, U Peripheral resistance multiplied by arterial compliance (RC), F, N, V Heart rate (Hr), G, O, W Pulse pressure (Pp). H,

P, X The time dependent magnitude of the baro-reflex (Sb).

https://doi.org/10.1371/journal.pcbi.1010835.g003

Fig 4. Extraction of slow and fast time scales features from venous and arterial blood pressure recordings. A,B. An example of the raw data, sampled at

125 Hz frequency by the bedside patient monitor. A. Arterial blood pressure, B. Venous blood pressure. Note how these real-life data are noisy, fluctuating,

and riddled with artifacts related to patient movement and care. C-G. Features that are extracted from the raw data. C,D. Mean arterial and venous pressures

(slow time scale features), E-G. Heart rate, peripheral resistance and pulse pressure (fast time scale features).

https://doi.org/10.1371/journal.pcbi.1010835.g004
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independently conducted on partly overlapping data segments of 300 seconds. We chose a seg-

ment size of 300 seconds after an empirical search for a window that averaged out noisy and

artifactual fast fluctuations, while still capturing changes over clinically-relevant timescales of

several minutes.

Demonstrating iCVS estimation of cardiovascular shock states on real-

world data from critically-ill patients

In this section, we illustrate the estimation process for a sample of 10 critically-ill children, hos-

pitalized in an intensive care unit (ICU) at a large, tertiary children’s hospital. These children

were admitted to the ICU either for routine observation post-operatively (for the control sam-

ples) and were stable hemodynamically, or presented with various shock states, for example,

due to massive post-operative bleeding, cardiac dysfunction, infections or other causes, see

Table 3 for more information. The dataset which we used to test the model’s performance is

detailed in [15]. It contains physiological waveforms recorded from critically-ill children at

sampling rates of 125Hz for all invasively-recorded pressures; however, any high-frequency

recording that contains the full arterial blood pressure waveform is adequate for the model’s

purposes. In addition, the times of all medical interventions, including drug consumption and

fluid administration are recorded. Note how these real-life data are noisy, fluctuating and rid-

dled with artifacts related to patient movement and care (see Fig 4A and 4B).

As noted above, iCVS is able to deal with patients of varying weights from neonates (a cou-

ple of kilograms) to adult-sized patients, as we demonstrate below. The hemodynamic data for

all patients in this ICU are collected as routine practice [15, 17]. The diagnostic labels for

shock (either hypovolemic/ hemorrhagic, distributive, cardiogenic, or a combination of the

above) were derived from a prospective and retrospective review of at least two expert clini-

cians. These labels were also corroborated using objective measurements from the medical

record, when available. For example, from quantification of blood loss postoperatively, assess-

ment of cardiac function or systemic vascular resistance using clinical examination, drugs

administered, and ancillary diagnostic tests.

The challenge of estimating the causes for cardiovascular instability and shock from real-

world data can be appreciated by examining Figs 5–8. Examination of panels A-E in each fig-

ure, which depict the five observables, shows that patients’ data are “messy” with marked fluc-

tuations and trends arising from multiple physiological sources (due to the shock cause and

others), unlike the clean simulated data shown before. Moreover, it is evident that simple rules

linking changes in these observables to the shock cause may be misleading.

Table 3. Patients information. For each patient, age, weight, cause of admission to the intensive care unit and the cardio-vascular state as determined by an expert clini-

cian are given.

Patient number Age (years) Weight (Kg) Cause of ICU admission Cardiovascular state

1 Neonate < 5 Post cardiac surgery Hypovolemic shock

2 Neonate < 5 post cardiac surgery with combined shock Hypovolemic and Distributive shock

3 Neonate < 5 Vasodilatory shock Distributive shock

4 Neonate < 5 Post cardiac surgery with bleeding and mild cardiac dysfunction Hypovolemic, Distributive and Cardiogenic shock

5 15–20 60 Post cardiac surgery with vasoplegic shock Distributive shock

6 10–15 40 Vasoplegic shock due to inflammatory storm Distributive shock

7 0–5 15 Post cardiac surgery Control

8 0–5 < 5 Post cardiac surgery Control

9 Neonate < 5 Post cardiac surgery Control

10 10–15 20 post orthopedic surgery Distributive shock

https://doi.org/10.1371/journal.pcbi.1010835.t003

PLOS COMPUTATIONAL BIOLOGY Inferring Cardio Vascular hidden States from physiological signals

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010835 September 5, 2023 11 / 29

https://doi.org/10.1371/journal.pcbi.1010835.t003
https://doi.org/10.1371/journal.pcbi.1010835


Panels F-H in Figs 5–8 present the results of model estimation for three hidden parameters

that are crucial to elucidate the causes for cardiovascular shock. A hypovolemic state is

described by a negative �I ex (the intra-vascular volume change divided by the difference

between the maximal and minimal unstressed venous volume ΔVvo). This magnitude does not

depend on the patient weight or blood volume, has units of 1

Time, and thus allows comparison

between patients with different sizes. The vasodilatory state is represented by MSVR (non-auto-

nomic vascular resistance) which is expected to be negative in a distributive shock state. The

cardiac function is described by the Maximal relative contractility: ~Kmax ¼
Cven
Ca
� Kmax, where

Kmax is the maximal contractility that the ventricle can generate (see Eq 21), Cven is the compli-

ance of the ventricle, and Ca is the arterial compliance. For constant arterial and ventricular

compliances, ~Kmax is proportional to the maximal heart contractility. ~Kmax is expected to

decrease in case of cardiogenic shock or cardiac dysfunction.

Each gray circle in panels F-H in Figs 5–8 corresponds to the optimal parameters which are

obtained in a given time segment. The black line in each panel is a moving average of the

results of different segments (see Material and methods).

Fig 5 illustrates model inference for a sample patient with post-operative bleeding. This is

a neonate that presented with significant intravascular volume loss after cardiac surgery.

Panels A-E show decrease in the arterial and venous blood pressures, while SVR increases

and pulse pressure decreases, as expected. Of note is that for an unknown reason, the heart

Fig 5. Demonstration of iCVS model inference results for a neonate patient (body weight< 5 Kg), in a hypovolemic shock state.

iCVS results for patient number 1 (see Table 3) are presented. A-E.—The observables: mean arterial pressure (A), mean venous pressure

(B), heart rate (C.), RC—the peripheral resistance multiplied by the arterial compliance (D) and pulse pressure (E). F-H. Gray circles—

optimal parameters which are achieved in each segment of 300 sec. Black line—a smoothed version of the estimated parameters (see

Material and methods). F. Relative intra vascular volume change (�I ex). G. Non autonomic vascular resistance (MSVR). H. Maximal relative

contractility ( ~Kmax). Note that in this patient which suffers from a hypovolemic shock state is identified as having negative �I ex by the

model.

https://doi.org/10.1371/journal.pcbi.1010835.g005
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rate of this patient does not reflexively increase, as one would expect for a bleeding patient.

Panel F shows that even without the expected heart rate increase, our model correctly identi-

fies the negative intravascular volume change (Fig 5F). The maximal relative contractility

seems stable or even increases (for comparison see the changes in ~Kmax for a patient with car-

diac dysfunction in Fig 7).

Fig 6 illustrates the model inference results for an adolescent patient which was clinically

identified as having distributive shock, specifically a vasoplegic state seen sometimes after solid

organ transplantation. In the time window shown here, the mean venous and arterial pressures

increase, as also the heart rate and the pulse pressure. Yet, the mean arterial pressure is low

and the heart rate is high, supporting the clinical observation of a shock condition. We can fur-

ther see that the peripheral resistance decreases over time. Our model indeed correctly identi-

fies the cause for shock: MSVR which reflects the non-autonomic component of the vascular

resistance is negative, in agreement with the clinically detected distributive shock. Moreover,

the estimation process yields roughly zero �I ex, meaning that no intra-vascular volume change

is detected, as well as demonstrating stable maximal relative contractility.

Fig 7 presents the estimation process for an unstable patient with a combined hemorrhagic,

cardiogenic, and distributive shock. This was a neonate with massive bleeding post cardiac sur-

gery, combined with left ventricular dysfunction and inadequate systemic vascular resistance.

The patient was extremely unstable despite multiple interventions and underwent a chest

opening procedure in the ICU (grey arrows in Fig 7) which resulted in marked improvement

Fig 6. iCVS model inference results for an adolescent patient (body weight* 60 Kg), in a distributive shock state. iCVS results for

patient number 5 (see Table 3) are presented. A-E. The observables: Mean arterial pressure (A), mean venous pressure (B), heart rate (C), RC

—the peripheral resistance multiplied by the arterial compliance (D) and pulse pressure (E). F-H. Gray circles—optimal parameters which

are achieved in each segment of 300 sec. Black line—a smoothed version of the estimated parameters (see Material and methods). F. Relative

intra vascular volume change (�I ex). G. Non autonomic vascular resistance (MSVR). H. Maximal relative contractility ( ~Kmax). Note that this

patient, suffering from a distributive shock state, is correctly identified as having negative MSVR by the model.

https://doi.org/10.1371/journal.pcbi.1010835.g006
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in cardiac function and bleeding cessation. We see that arterial blood pressure increases after

the chest opening. In addition, the venous pressure decreases—compatible with an improve-

ment in the heart function (Fig 7A and 7B). Note how the model correctly identifies the

marked improvement in the maximal contractility and �I ex immediately after the procedure.

Finally, a neonate control patient that was admitted after thoracic surgery and had an

uneventful post-operative course is presented in (Fig 8). As expected, the estimated intravascu-

lar volume change (�I ex) and the non-autonomic SVR modulation (MSVR) are not negative, and

there are no marked fluctuations in the maximal relative contractility (~Kmax).

In Fig 9 we present results summarizing the model’s inference for the 10 patients. Panel A

depicts the ability of our model to correctly identify intravascular volume loss: the patients

marked in blue are those that had documented post-operative bleeding. Note that for these

patients mean change in blood volume is more negative than their counterparts. Conversely,

panel B depicts the mean non-autonomic component of systemic vascular resistance modula-

tion. As noted above, a negative value indicates a maladaptive response with vasodilatation, as

one can see in distributive shock states (for example sepsis or vasoplegia). Since the parameter

Kmax is not comparable between different patients, this parameter is not presented in Fig 9.

The patients marked in red were identified by expert clinicians as having abnormally low SVR.

Fig 7. iCVS model inference results for a neonate patient (body weight< 5 Kg), in a combined hypovolemic, cardiogenic and

distributive shock state. iCVS results for patient number 4 (see Table 3) are presented. Dots mark chest opening. A-E.—The observables:

mean arterial pressure (A), mean venous pressure (B), heart rate (C), RC—the peripheral resistance multiplied by the arterial compliance

(D) and pulse pressure (E). F-H. Gray circles—optimal parameters which are achieved in each segment of 300 sec. Black line—a smoothed

version of the estimated parameters (see Material and methods). F. Relative intra vascular volume change (�I ex). G. Non autonomic vascular

resistance (MSVR). H. Maximal relative contractility ( ~Kmax). Note that in this patient �I ex becomes non-negative and the contractility

increases after the chest opening procedure, compatible with an improving in cardiac function and bleeding cessation as a result of the

chest opening procedure. We note that in panel H a single point with an extremely large value is not plotted, at 9.66 minutes after chest

opening ( ~Kmax ¼ 3763 mmHg). This point correlates with a short transient increase in the venous and arterial pressures, possibly resulting

from a bolus of a vasoactive drug given to the patient at the time.

https://doi.org/10.1371/journal.pcbi.1010835.g007
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Fig 9. Estimated �I ex and MSVR for ten subjects. For each subject, the model is applied for a time window of 25 minutes (see Methods). The

analysis is done over segments of 300 seconds and the average values of �I ex (panel A) and MSVR (panel B) are presented. A. The average �I ex value is

presented for all sample patients. Blue—patients which are documented with post-operative bleeding, black—no post operative bleeding is

documented (average value of the hypovolemic group is −0.016 min−1, average value of the non-hypovolemic group is 0.0003 min−1, Pvalue =

0.026). B. The average MSVR value of all sample patients is presented, ordered differently than in A. As there is no objective criteria for a

distributive state, unlike blood loss, we resort to identifying such patients by either expert opinion or indirect evidence from the electronic medical

record. In red—patients who were identified by clinical experts as suffering from distributive shock states, in pink—patients who were treated by

vaso-constrictors (drugs that directly affect vascualr smooth muscle to increase systemic vascular resistance), in black—patients who were not

documented with distributive shock states (average value of the distributive group (red) is −0.43, average value of the non-distributive group is

−0.07, Pvalue = 0.077). Error bars in A and B represent standard error of the mean.

https://doi.org/10.1371/journal.pcbi.1010835.g009

Fig 8. Illustration of the estimation process for a neonate patient (body weight< 5 Kg) control patient, post cardiac surgery. iCVS

results for patient number 9 (see Table 3) are presented. A-E. The observables: mean arterial pressure (A), mean venous pressure (B),

heart rate (C), RC—the peripheral resistance multiplied by the arterial compliance (D) and pulse pressure (E). F-H. Gray circles—

optimal parameters which are achieved in each segment of 300 sec. Black line—a smoothed version of the estimated parameters (see

Material and methods). F. Relative intravascular volume change (�I ex). G. Non autonomic vascular resistance (MSVR). H. Maximal

relative contractility ( ~Kmax).

https://doi.org/10.1371/journal.pcbi.1010835.g008

PLOS COMPUTATIONAL BIOLOGY Inferring Cardio Vascular hidden States from physiological signals

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010835 September 5, 2023 15 / 29

https://doi.org/10.1371/journal.pcbi.1010835.g009
https://doi.org/10.1371/journal.pcbi.1010835.g008
https://doi.org/10.1371/journal.pcbi.1010835


Indeed, overall, these patients were identified by our model as having lower values of MSVR.

Additionally, the patients marked in pink were treated by vasoconstrictors, drugs that directly

affect vascular smooth muscle to increase systemic vascular resistance, an indirect indication

extracted from the electronic health record of at least a somewhat distributive state.

As an additional verification of model estimation performance on real data, we also com-

pare between the measured observables: bPp , cRC and cHr and reconstructed values for the

observables which are obtained using model inference. The observables are reconstructed well

by the iCVS model, with a Pearson correlation of 0.95–0.99 (see supplementary information).

Furthermore, as is elaborated in the supplementary to this article, we demonstrate the robust-

ness of our findings to the estimation algorithm.

Discussion

In this proof-of-concept work we detail a novel mechanistic model of the cardiovascular sys-

tem: iCVS. We developed iCVS with a translational goal in mind—enabling estimation of the

hidden cardiovascular state of critically-ill patients, in real-time, using only routinely available

physiological signals at the bedside. iCVS does not preemptively assume knowledge of almost

any parameter, except age and weight, maintaining flexibility for deployment in a variety of

clinical scenarios. Unlike many similar models, iCVS considers the autonomic control and its

specific components, imposing coupling constraints on inferred parameters and capturing

common clinical phenotypes. An additional novel strength of this model is its ability to use

slow and fast timescales of the arterial blood pressure waveform to gather more information

about the cardiovascular state without increasing model complexity, by performing the main

inference on the clinically relevant scale of minutes. In this manuscript, we detail iCVS and a

suggested estimation process. This is a first modest step towards a clinically useful tool, and we

provide initial indications to this extent by testing on a set of artificial patients and on data

from a sample of critically ill children. We note that there are regulatory challenges facing the

deployment of model-based systems at the patient bedside, including data privacy, safety, reli-

ability and the need to continuously monitor and modify the system after deployment; how-

ever, progress has been made on this front, including the FDA’s 2021 ML-Based Software as a

Medical Device (SaMD) action plan [18] and follow-up drafts for regulating ML systems at the

bedside. We believe these pioneering efforts will assist the community in deploying complex

systems, including systems borne out of the proof of concept model presented here.

We demonstrate the use of iCVS on a dataset of ten critically-ill children which was col-

lected in a pediatric intensive care unit, illustrating the identification of bleeding, distributive

states, cardiac dysfunction, and their combination. A key challenge of evaluating models such

as iCVS on data acquired from real patients and not in a clean laboratory setting, is the lack of

experimentally-defined cardiovascular hidden states. The ground-truth labels for the patients

presented in this study were acquired either by information that was available from the elec-

tronic health record but which the model was not privy to (e.g. recorded blood loss), or by

expert clinician assessment preformed pro- and retrospectively. In the current study, the

model shows higher accuracy in the evaluation of a hypovolemic shock state than in the evalu-

ation of a distributive shock state (see Fig 9). This may arise partly from a larger variability in

the range of solutions of MSVR, (see S4–S6 Figs), and from the fact that these patients were

already being treated with vasopressors, which is expected to (at least partly) offset the negative

value of MSVR. In future studies, we aim to acquire data from the acute phase, before treatment

is initiated.

In addition, we explore model identifiability and estimation process robustness. We did so

by simulating several artificial patients with various clinical shock states and examining the
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model’s ability to correctly recover the preset hidden parameters, demonstrating the model’s

ability to capture and track changes in these parameters (shown for three sample patients in

the supplementary). We recognize that our model, like many underdetermined mechanistic

physiological ones, suffers from an inherent degree of nonidentifaiblity. However, we do

believe that both the demonstration with real sample patients and simulated ones indicates

that our model is able to capture the salient and clinically important variations in the hidden

parameters to be estimated. As noted, this is a proof-of-concept study and we plan a thorough,

prospective validation and quantification of the model’s accuracy on a larger clinical set of crit-

ically-ill patients.

While we illustrated the ability of iCVS to identify hidden cardiovascular states that can

not be easily identified by simple examination of the physiological recordings, it is obvious

that further assessment, ideally prospectively, on a much larger patient cohort is warranted.

Generation of a larger dataset, containing a diverse population of patients with various car-

diovascular states and their evolution will not only allow model validation and refinement,

but also to define cut-off values for shock-state identification. For example, while iCVS can

identify ongoing blood loss or maladaptive vasodilatation, ideally we would wish to be able

to add an additional layer for a decision support tool that would alert clinicians to the pres-

ence of vasoplegic shock or hemorrhagic shock, defined by certain thresholds relating blood

pressure to MSVR or �I ex, respectively. An additional potential limitation of iCVS that can be

properly quantified and addressed in future studies is its ability to deal with noisy and arte-

fact-ridden recordings. Moreover, a prospectively collected dataset (that we are currently

working towards acquiring) will also allow for precise recording of the various bedside inter-

ventions and thus test their effects on the cardiovascular hidden state and model estimation.

Finally, despite its high-explanatory power, iCVS is still a relatively simple mechanistic

model; it does not take into account various physiological contexts, and therefore cannot

address for example the effects of positive pressure ventilation, pericardial effusion, increase

in capillary wall permeability which may affect both SVR and intra-vascular volume due to

fluid leakge to the tissues [19], or even interactions between the heart chambers and pulmo-

nary and systemic circulations. An additional limitation to be acknowledged is the need for

several assumptions in order to enable model simplification and estimation. We attempted

to minimize their number and use only ones that are widely accepted, we stated clearly in the

methods where such assumptions were made, and also cited their source, and where relevant,

the literature supporting these assumptions. We also believe, that iCVS can be iteratively

developed to include modules that address these limitations, potentially with addition of

data-driven machine-learning modules as detailed below. An exciting avenue for future

exploration is to combine iCVS with machine learning models to create robust hybrid clini-

cal decision support systems that can exploit both the power of data-driven analytics and

mechanistic models [20, 21]. In the future, we envision such hybrid models deployed at the

bedside, providing the clinician with information regarding hidden cardiovascular states and

optimal treatment strategies. For example, estimating volume and contractility states, and

helping in guiding choices regarding intravenous fluid administration or inotropic support,

a current unmet clinical need [22]. The model presented here is the first step towards this

ambitious goal.

Materials and methods

Ethics statement

The study was approved with waiver of informed consent by the Research Ethics Board at The

Hospital for Sick Children, approval number 1000048904.
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Mechanistic model

The goal of this section is to detail iCVS: a mechanistic model of the cardio-vascular system

that links measurable variables to clinically relevant physiological parameters that can not be

measured directly. We use a lumped parameter model with several compartments: the circula-

tory system is represented as a closed loop with two compliant vessels (the arterial and venous

compartments) and one pure resistance vessel (the organs) [5, 23]. The heart contains one

chamber that acts as a pump. The venous-arterial flow IH is generated by the heart and is given

by the product of the heart rate Hr and the stroke volume SV:

IHðtÞ ¼ HrðtÞ � SVðtÞ: ð3Þ

The arteriolar and capillary IC flows are modeled as a linear resistor:

ICðtÞ ¼
PaðtÞ � PvðtÞ

RðtÞ
; ð4Þ

where Pa and Pv are the arterial and venous mean pressures, respectively, and R is the periph-

eral resistance. The evolution of arterial and venous volumes (Va and Vv respectively) is given

by the following differential equations:

_VaðtÞ ¼ IHðtÞ � ICðtÞ ð5Þ

_VvðtÞ þ _VaðtÞ ¼ Iex; ð6Þ

where Iex is the intra-vascular volume change—either loss of volume due to bleeding or extra-

vascular capillary leak or conversely intravenous fluid administration.

Eqs 5–6 relate between blood volumes dynamics and other hidden cardio-vascular vari-

ables. The challenge however is that blood volumes cannot be directly measured in patients.

We therefore reformulate the mechanistic model in terms of blood pressures (which are mea-

surable); this allows us to infer hidden cardio-vascular parameters based on observable data.

The pressure in the venous and arterial compartments is derived from the vessel’s volume

and compliance as follows:

PaðtÞ ¼
VaðtÞ � Va0

ðtÞ
Ca

ð7Þ

Where α 2 {a, v} represents either the venous or arterial components, respectively, Cα the com-

pliance, and Va0
the unstressed volume.

For the arterial compartment, we assume constant unstressed volume [5]. The venous

unstressed volume is modulated by an autonomic activation Stot (see below):

VunstressedðtÞ ¼ Vv0 ;min þ DVv0
� ð1 � StotðtÞÞ: ð8Þ

Assuming constant Ca [17], differentiating Eq 7 and rearranging, we obtain:

_V aðtÞ ¼ Ca �
_PaðtÞ þ _V a0

ðtÞ ð9Þ
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Substitute Eqs 3, 4 and 9 in Eqs 5 and 6 we get:

Ca �
_PaðtÞ ¼ Ca �HrðtÞ � PpðtÞ �

PaðtÞ � PvðtÞ
RðtÞ

; ð10Þ

Ca �
_PaðtÞ þ Cv �

_PvðtÞ � DVv0
� _StotðtÞ ¼ Iex; ð11Þ

where we assume that the unstressed arterial volume is constant [5] and thus _Va 0
¼ 0, and

also use the approximation SV ffi Ca � Pp [17].

Autonomic Nervous System control. The model contains elements of autonomic control

which affect different physiological quantities: heart rate Hr, peripheral resistance R,

unstressed venous volume Vv0
and cardiac contractility K (see below). The autonomic control

contains two components: the baro-reflex and an external control unit. The baro-reflex,

marked by Sb, depends on the arterial blood pressure (see also [5]):

SbðtÞ ¼ 1 �
1

1þ exp ð� kbðPaðtÞ � PsetÞÞ
ð12Þ

where kb describes the sensitivity of the baro-reflex and Pset is the set point of the baro-reflex.

In this work kb = 0.1838 mmHg−1 [5].

The autonomic control also contains an additional component, marked by S which does

not depend on the current arterial pressure. This component is not included in the work of

[5]. The overall autonomic activation is a sigmoid function of the summation of the two com-

ponents:

StotðtÞ ¼
1

1þ exp ð� 3:3 � ðSbðtÞ þ SðtÞ � 1ÞÞ
: ð13Þ

Both Sb and S take values between 0 and 1. In addition, the shape of Stot is designed such

that the total autonomic activation Stot is also ranged between 0 and 1, and the value of Stot is

approximately the mean of Sb and S. The two different components of the autonomic activa-

tion represent two complementary functions: one is the baro-reflex which is part of a negative

feedback loop aimed at maintaining blood pressure and cardiac output homeostasis while the

other (S) represents the combined effect of sympathetic and parasympathetic activation on the

cardiovascular system that is independent of current blood pressure. This division allows us to

capture two different behaviours of the cardiovascular dynamics that are commonly observed

in critically-ill patients: fluctuations which are negatively correlated between the arterial BP

and heart rate, and synchronous fluctuations of the arterial pressure and other components

such as heart rate.

Heart rate. The heart rate is determined by the autonomic activation, and can vary

between minimal and maximal values, Hrmin and Hrmax respectively:

HrðtÞ ¼ Hrmin þ ðHrmax � HrminÞ � StotðtÞ: ð14Þ

The minimal heart rate (Hrmin) and maximal heart rate (Hrmax) are parameters which are

approximated by the optimization algorithm with a certain range that depends on the patient

age (see Table 4).

Peripheral resistance. The peripheral resistance varies between two values, Rmin and

Rmax, and depends on the autonomic activation and on a local modulation, denoted MSVR,

which does not depend on the autonomic nervous system:

R ¼ Rmin þ ðRmax � RminÞ � RmodulationðtÞ; ð15Þ
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Table 4. Range of hidden parameters. Minimal and maximal values of Pset are the 10th and 90th percentile of the

mean arterial pressure respectively, adapted from [11]. Bounds of minimal heart rate are the 5th percentile and 25th

percentile (adapted from [10]). Bounds of maximal heart rate are the 75th percentile and 95th percentile (adapted from

[10]). In addition, Cmin ¼ 0:02 ml
mmHg�Kg and Cmax ¼ 0:15 ml

mmHg�Kg are the values of minimal and maximal arterial compli-

ance, respectively. See [24].

Parameter Range

Pset 0–1 month [42, 73] mmHg

1–3 months [44, 76] mmHg

3–6 months [52, 80] mmHg

6–12 months [52, 86] mmHg

1–3 years [56, 88] mmHg

3–6 years [55, 83] mmHg

6–9 years [58, 87] mmHg

9–11 years [59, 87] mmHg

11–15 years [59, 89] mmHg

older than 15 years [60, 91] mmHg

Hrmin 0–6 months [110, 130] Bpm

6–12 months [90, 130] Bpm

1–3 years [80, 110] Bpm

3–6 years [75, 110] Bpm

6–11 years [65, 110] Bpm

older than 11 years [60, 90] Bpm

Hrmax 0–6 months [150, 180] Bpm

6–12 months [145, 180] Bpm

1–3 years [140, 180] Bpm

3–6 years [130, 160] Bpm

6–9 years [125, 160] Bpm

9–11 years [120, 160] Bpm

11–15 years [115, 160] Bpm

older than 15 years [110, 150] Bpm

~DVv0
0–3 months 0:1 � 0:1

Cmax

h
, 0:3

Cmin
�
mmHg
kg

older than 3 month 0:075 � 0:1

Cmax

h
, 0:3

Cmin
�
mmHg
kg

~I ex 0–3 months 0:25

3600
Cmin � weight kgð Þ � � 0:1; 0:1½ � ml

kg �
1

sec

older than 3 months 0:25

3600
Cmin � weight kgð Þ � � 0:075; 0:075½ � ml

kg �
1

sec

~Cv
[10, 40]

~Rmin [0.1, 2.5] sec

~Rmax [0.25, 3] sec

~Kmin 2

Cmax
; 30

Cmin

h i
mmHg

~Kmax 50

Cmax
; 200

Cmin

h i
mmHg

Sconst [0, 1]

Sslope � 1

300
; 1

300
sec� 1

� �

Mconst [−1, 1]

Mslope � 1

150
; 1

150
sec� 1

� �

https://doi.org/10.1371/journal.pcbi.1010835.t004
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where:

RmodulationðtÞ �
1

1þ expð� 3:3 � ðStotðtÞ þMSVRðtÞÞÞ
ð16Þ

The value of MSVR can vary between −1 to 1.

Cardiac contractility. The model contains one heart chamber. Of note, Zenker et al. [5],

modeled the end systolic volume as a function of the end diastolic volume as follows:

VesðtÞ ¼ VedðtÞ �
KðtÞðVedðtÞ � Ved0

Þ

PaðtÞ � PedðtÞ
; ð17Þ

Where Ves and Ved are the end systolic and end diastolic chamber volumes respectively, Ved0
is

the unstressed volume of the chamber, Ped is the end diastolic pressure of the chamber and K
is the contractility. Eq 17 contains information about the heart volumes. Since heart volumes

are not directly measurable, we modify the approach adopted by Zenker et al. and derive

below an expression that relates heart contractility and blood pressures. We model the heart

chamber as a compliance vessel, and estimate the difference between the end diastolic volume

(Ved) and the unstressed ventricular volume as follows:

VedðtÞ � Ved0
¼ Cven � PedðtÞ; ð18Þ

where Cven is the compliance of the ventricle. The intra-ventricular pressure (Ped) cannot be

measured directly. Since the heart in the model contains only one chamber, we approximate

the end diastolic pressure as the venous pressure:

PedðtÞ ffi PvðtÞ: ð19Þ

We acknowledge that this approximation is less accurate when the venous pressure is much

larger than the pressure during diastole. This can happen for example in case of pulmonary

hypertension, valve stenosis, or abnormal heart anatomy. In addition, the stroke volume (SV =

Ved − Ves), can be approximated using the pulse pressure and the arterial compliance [17]:

VedðtÞ � VesðtÞ ¼ SVðtÞ ffi Ca � PpðtÞ: ð20Þ

The contractility is modulated by the autonomic activation and is expressed as follows:

KðtÞ ¼ Kmin þ ½Kmax � Kmin� � StotðtÞ; ð21Þ

where Kmin and Kmax are the minimal and maximal contractility, respectively. Combining Eqs

17–21 we obtain:

SVðtÞ ffi Ca � PpðtÞ ¼
ðKmin þ ½Kmax � Kmin� � StotðtÞÞ � Cven � PvðtÞ

PaðtÞ � PvðtÞ
: ð22Þ

The approximated expression for Ca � Pp(t) which is presented in Eq 22 can be substituted in

IH which appears in Eq 10 to obtain a system of differential equations for Pa, Pv.
We have therefore introduced a model that relates between blood pressure dynamics and

other cardiovascular parameters. We show below how this mechanistic model can be exploited

in order to estimate hidden physiological parameters from routinely bedside collected data.

Simulations of the model

In Fig 3 and S1 Fig simulations of the iCVS model are presented. The hidden parameters are

fixed and the observables are simulated according to Eqs 10–16 and 22. The following values
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for the hidden parameters are used: Pset = 50 mmHg, Kb = 0.1838mmHg−1, Hrmax = 180 Bpm,

Hrmin = 100 Bpm, ~Kmin ¼ 200 mmHg, ~Kmax ¼ 800 mmHg, Rmax ¼ 1:8
sec�mmHg

ml ,

Rmin ¼ 0:8
sec�mmHg

ml , Ca ¼ 0:45 ml
mmHg, Cv ¼ 10 ml

mmHg, ΔVv0 = 65 ml. In Fig 3 S = 0.2. The initial con-

ditions of the mean arterial and venous pressure are set to 48 mmHg and 4 mmHg

respectively.

Extracting the observable variables from the raw data

The raw data which is used in this work is a continuous (sampled at 125 Hz) measurement of

the venous and arterial pressure waveforms. The data analysis is performed as follows:

1. Using the algorithm developed by [16, 17], we extract the following measurements from the

raw data (see Table 2): bPaðtÞ (mean arterial pressure), bPvðtÞ (mean venous pressure) cHrðtÞ
(heart rate), bPpðtÞ (pulse pressure) and cRC, which is an approximation for the peripheral

resistance multiplied by the arterial compliance and scaled by a constant (αRC):

cRC ¼ aRC � Ca �
bR.

2. Outliers are found and replaced—Outliers are defined as points which are smaller than the

Lower threshold value—three local scaled median absolute deviation below the the local

median within a sliding window of 20 sec, or higher than the Higher threshold value—three

local scaled median absolute deviation above the the local median within a sliding window

of 20 sec. The outliers are replaced by the following: Lower threshold value for elements

smaller than the lower threshold value, and upper threshold value for elements larger than

the upper threshold value.

3. A linear interpolation is performed in order to obtain a data-set in 10 Hz frequency.

4. A low pass filter is applied and the frequency components above 1

30
Hz are removed.

5. The data of each subject is divided into segments of 300 sec. Only Valid segments are used

for further analysis. A valid segment should satisfy the following criteria:

20 mmHg < bPa < 250 mmHg, 0 < bPv < 25 mmHg, 0 < cRC,

30 ð1=minÞ < cHr < 250 ð1=minÞ, 10 mmHg < bPp .

Sample subjects analysis

For each subject in Fig 9, the estimated parameters of 12 segments of 5 minutes are averaged.

Each segment is 300 seconds long, and the segments are partly overlapped—each segment

starts 100 seconds after the previous one. Segments which are not valid are not analyzed.

For the analysis in Fig 9, for each subject the first recorded 25 minutes time window that

satisfies the follows is analyzed: the subject did not receive intra-venous fluids bolus during the

time window, 15 minutes before and 15 minutes after.

In Figs 5, 6, 7 and 8, the above described 25 minutes time windows of patients 1,5,4,9 are

presented, respectively.

The estimation procedure

Definition of the cost function. Based on the iCVS model, we define a cost function which

consists of a set of terms that link between the observables (Table 2) and the hidden parameters

(Table 1). We first define the following expressions: ~Cv �
Cv
Ca

, ~DVv0 �
DVv0
Ca

, ~K � K�Cven
Ca

(relative
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contractility), ~Kmin �
Kmin �Cven

Ca
, ~Kmax �

Kmax�Cven
Ca

, ~Rmin � aRC � Ca � Rmin, ~Rmax � aRC � Ca � Rmax and

~I ex �
Iex
Ca

.

The cost function is defined as follows:

f ðt; �yÞ ¼ wH �
1

NH
� f 2

HðtÞ þ wR �
1

NR
� f 2

R ðtÞ þ wP �
1

NP
� f 2

p ðtÞ þ wI �
1

NI
f 2

I ðtÞ þ wa �
1

Na
� f 2

a ðtÞ ð23Þ

where:

fHðtÞ ¼ Hrmin þ ðHrmax � HrminÞ � StotðtÞ � cHrðtÞ ð24Þ

(see Eq 14),

fRðtÞ ¼ ~Rmin þ
�

~Rmax �
~Rmin

�
� RmodulationðtÞ � cRCðtÞ ð25Þ

(see 15),

fpðtÞ ¼

�
~Kmin þ

h
~Kmax �

~Kmin

i
� StotðtÞ

�
� bPvðtÞ

bPaðtÞ � bPvðtÞ
� bPpðtÞ ð26Þ

(see Eq 22),

fIðtÞ ¼
c_PaðtÞ þ ~Cv �

b_PvðtÞ � ~DVv0 �
_StotðtÞ � ~I ex ð27Þ

(see Eq 11),

faðtÞ ¼ cHrðtÞ � bPpðtÞ �

�
bPaðtÞ � bPvðtÞ

�
� aRC

~Rmin þ
�

~Rmax �
~Rmin

�
� RmodulationðtÞ

�
c_PaðtÞ ð28Þ

(see Eqs 10 and 15).

Rmodulation(t) is defined in Eq 16, and Sb(t), S(t), MSVR(t) are defined below:

SbðtÞ � 1 �
1

1þ exp
�
� kb

�
bPaðtÞ � Pset

�� ; ð29Þ

SðtÞ � Sconst þ Sslope � t; ð30Þ

MSVRðtÞ � Mconst þMslope � t: ð31Þ

The parameters {NH, NR, NP, NI, Na} in Eq 23 normalize the different terms such that they

have no units, and are adjusted in each time interval of the analysis: NH ¼ mean
h
cHrðtÞ

i
,

NR ¼ mean
h
cRCðtÞ

i
,NP ¼ mean

h
bPpðtÞ

i
, Na ¼ mean

h
cHrðtÞ � bPpðtÞ

i
, and NI is the upper

bound of ~I ex. The parameters {wH, wR, wP, wI, wa} adjust the relative contribution of each term

to the cost function. Throughout this work we use the following values: wH = 1, wR = 0.2,

wP = 0.2, wI = 0.2, wa = 10. The values of {wH, wR, wP, wI, wa} are chosen such that the contribu-

tions of the terms f 2
HðtÞ, f

2
R ðtÞ and f 2

p ðtÞ to the cost function have the same order of magnitude,

and the contributions of f 2
I ðtÞ and f 2

a ðtÞ (the terms that contain derivatives) are larger. The

optimal parameters are searched within a certain physiological range (see Table 4).

PLOS COMPUTATIONAL BIOLOGY Inferring Cardio Vascular hidden States from physiological signals

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1010835 September 5, 2023 23 / 29

https://doi.org/10.1371/journal.pcbi.1010835


Estimation process. Table 1 contains a list of the estimated parameters, where each

parameter is bounded within a certain range (see Table 4). The values of the parameters Hrmin,

Hrmax, Rmin, Rmax are updated according to the measurements. For example, if for a given

patient a value of Hr = X is measured, for this specific patient we assume that the minimal

heart rate cannot be larger than X and the maximal heart rate cannot be smaller than X in the

next iterations. The estimation process is done separately in segments which are defined

between two time points: [t, t + T], where T = 300 sec. During the estimation procedure, the

hidden parameters are estimated by minimizing the time integral over the cost function f(t)
within a given interval. For some of the parameters (see θ* below) we assume that the time

dependent change is smooth, and consider also the previous estimated value of the

parameters.

The optimization problem can be stated as:

byðtÞ ¼ argmin�y

Z tþT

t
dt0f�yðt

0Þ þ b
X

yi2fy
∗g

1

B2
i

Xt

�t¼t0

exp
t � �t
t

� �

ðby ið�tÞ � yiÞ
2

" #

; ð32Þ

where y
∗
¼ f~Cv; ~DV0;Pset;Hmax;Hmin;

~Rmax;
~Rming are the parameters for which previous esti-

mators are considered, and Bi is the upper bound of the parameter θi (see Table 4). Through-

out this work β = 0.1, τ = 500 sec.

The optimal solution (the set of optimal parameters by) in each segment is chosen using the

function fmincon.m of Matlab with the option globalsearch, which searches a global solution

for a constrained nonlinear optimization problem across different initial conditions [25]. We

supply a random start point to the optimization function.

Supporting information

S1 Fig. Demonstration of the model for time-varying autonomic control. S1 Fig demon-

strates the effect of S (independent autonomic control) on the cardio-vascular dynamics in a

simulation of the iCVS model. In response to an increase in S, arterial pressure, venous pres-

sure, vascular resistance, and pulse pressure increase as well. The hidden parameters are fixed

and the observables are simulated accordingly (see Methods). A. Time dependent intra vascu-

lar volume change—zero in this simulation. B. Time course of MSVR—constant in this simula-

tion. C. Time dependent magnitude of the independent autonomic control (S) which does not

depend on the cardio-vascular state. D-H The resulting observables: D. Arterial pressure (Pa),
E. Venous pressure (Pv), F. Peripheral resistance multiplied by arterial compliance (RC). G.

Heart rate (Hr), H. Pulse pressure (Pp). I. Time dependent magnitude of the baro-reflex (Sb)
which depends on the arterial blood pressure.

(TIFF)

S2 Fig. Reconstruction of the observables based on the optimal parameters which are

found by the model. A-C. Comparison between the measured value (horizontal axis) and esti-

mated value (vertical axis). Each point represents the value of a given measurement (A—heart

rate, B—peripheral resistance, C—pulse pressure) in a specific time point. The time points

which are presented are a randomly chosen subset that constitute 1% of the whole data-set

which is used in Fig 9. D—F. Comparison between observed data and reconstructed values

during a segment of 500 seconds. Green—patient number 2, blue—patient number 3 and red

—patient number 6 (see Table 3). Continuous line—observed data: cHr (D), cRC (E) and bPp (F).

Dashed line—reconstructed value: �Hr (D), �RC (E) and �Pp (F). G-I. Histograms of the absolute

values of the differences between the measured and estimated variables of heart rate (G),
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peripheral resistance (H) and pulse pressure (I). The dataset is same as presented in panels

A-C. The arrows denote the mean differences for each of the patients presented in panels D-F

using the same color scheme.

Using the estimated parameters which are found by the optimization process, we reconstruct

the heart rate, peripheral resistance and pulse pressure, and compare the reconstructed values

to the observed values. The reconstruction is based on Eqs 24–26, where we define:

�HrðtÞ ¼ Hrmin þ ðHrmax � HrminÞ � StotðtÞ; ð33Þ

�RCðtÞ ¼ ~Rmin þ
�

~Rmax �
~Rmin

�
� RmodulationðtÞ; ð34Þ

�PpðtÞ ¼

h
~Kmin þ D

~K � SðtÞ
i
� bPvðtÞ

bPaðtÞ � bPvðtÞ
; ð35Þ

where �HrðtÞ, �RCðtÞ and �PpðtÞ are the reconstructed values of the heart rate, vascular resistance

and pulse pressure respectively.

S2A–S2C Fig show the reconstruction for a randomly chosen 1% of the whole data-set which

is used in Fig 9. Each dot is a single time point of one patient (all time points of a given patient

are represented by the same color). Horizontal axis represents the observed value (cHr, cRC, bPp

in panels A, B, C respectively), and vertical axis represents the reconstructed value ( �Hr, �RC, �Pp

in panels A,B, C respectively). The Pearson correlation coefficient is 0.95 for Heart rate recon-

struction, 0.98 for RC reconstruction, and 0.99 for Pulse pressure reconstruction. S2D–S2F Fig

shows examples of reconstructed values vs. observed values. Panels D-F present the recon-

struction of the observables for three patients, in a single interval of estimation. Each panel

represents a given observable, and each patient is represented by a specific color across panels

D-F. Continues line denotes for extracted observables, and dashed line for the reconstructed

values. One can see that the iCVS model can reproduce the observables in different scales. The

fast fluctuations are not reproduced, because MSVR and S are modeled as linear in each inter-

val. S2G–S2I Fig shows histograms of the absolute value of the differences between measured

and estimated values, for the random subset of the data which is shown in S2A–S2C Fig. The

arrows show the mean differences in the interval which are presented above, each patient is

represented by the same color as in S2D–S2F Fig.

(TIFF)

S3 Fig. Robustness of the optimization process in a real dataset. S3 Fig shows the results of

the optimization process for different start points supplied to the optimization function. The

illustration is done for patient number 1 which is identified in a hypovolemic shock state and

is presented in Fig 5. Panels A-E present the extracted observables. Panels F-H present the

optimal parameters obtained for realizations of the optimization process with different start

points which are supplied to the optimization function. Grey lines denote for different start

points, black lines are the results that appear in Fig 5. Purple lines are the average of all the real-

izations with different start points. It can be seen that the optimization algorithm which is

used in this work to fit the iCVS model is affected by the supplied start points. However, when

averaging across different initial conditions the results are concordant with the labeled shock

state (hypovolemic in this case). In addition, in each single realization the average Iex is nega-

tive. We used Matlab version 2018b, running on 8 i7–8550U CPU @ 1.8GHz, 16.0GB RAM.

The running time for running our optimization routine on a single interval with multiple ini-

tialization sets of parameters is 6 to 8 minutes. However, we believe that the running time can
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be shorter using a more optimal code, a stronger computer and maybe a different program-

ming language. Results for patient number 1 (see Table 3) are presented. A-E.—The observ-

ables: Mean arterial pressure (A), mean venous pressure (B), heart rate (C.), RC—the

peripheral resistance multiplied by the arterial compliance (D) and pulse pressure (E). F-H.

Lines represent a smoothed version of the estimated parameters which are obtained in each

interval (see Methods). Black line—the results which are presented in Fig 5. Purple line—aver-

age over all realizations. F. Relative intra vascular volume change (�I ex). G. Non autonomic vas-

cular resistance (MSVR). H. Maximal relative contractility ( ~Kmax).

Exploring identifiability: examining the ability of the estimation process and the optimiza-

tion function to recover predefined simulated model patients and parameters. S4–S6 Figs

show the results of the estimation process for the three sample artificial patients which appear

in Fig 3 in the main text. An artificial patient with a hypovolemic shock state is presented in S4

Fig, an artificial patient with a distributive shock state is presented in S5 Fig, and an artificial

patient with a combined hypovolemic and distributive shock state is presented in S6 Fig. In

each figure, we depict the results of repeat runs of the estimation process with varying random

initialization conditions and optimization function weights. While this is not a complete char-

acterization of identifiability or estimation robustness, these results do provide some indica-

tion of our model’s and estimation process’s ability to correctly recover the hidden values and

states. Examining these figures shows that while there is some variability in the estimations

which stems from varying the initialization values of the estimator, the model still reproduces

the hidden preset parameters used to generate the simulated patients fairly well. The results

are more variable for the larger magnitude of Wa (Panels B,E,H in S4–S6 Figs), at least in these

particular simulations. Also, it seems that the variability is reduced and accuracy is better

when the hidden parameters to be estimated are time-varying. This probably stems from our

choice to adaptively modulate the limits of “allowed” ranges for some parameters (see Meth-

ods) according to the patient’s specific history.

(TIFF)

S4 Fig. Demonstration of the estimation process on simulation with predefined model

parameters—An artificial patient with a hypovolemic shock state. A-C.—The original

parameters of the simulation chosen arbitrarily: relative intravascular volume change: �I ex �
Iex
DV0

(A), MSVR (B), and Kmax (C.). D-I. Each grey line represents a smoothed result of an esti-

mation run obtained for each time interval (see Methods). The purple line is an average over

all repeated runs (N = 5, different initialization conditions). We performed the estimation pro-

cess using two different sets of weights for the optimization function to demonstrate the rela-

tive robustness of the estimation process to weight choices: Each column (D-F and G-I)

represents the results that are obtained with a given set of weights as marked below. D,G Esti-

mated relative intra vascular volume change (�I ex). E,H Estimated non autonomic vascular

resistance (MSVR). F,I estimated maximal relative contractility ( ~Kmax).

(TIFF)

S5 Fig. Demonstration of the estimation process on simulation with predefined model

parameters—An artificial patient with a distributive shock state. A-C.—The original

parameters of the simulation chosen arbitrarily: relative intravascular volume change: �I ex �
Iex
DV0

(A), MSVR (B), and Kmax (C.). D-I. Each grey line represents a smoothed result of an esti-

mation run obtained for each time interval (see Methods). The purple line is an average over

all repeated runs (N = 5, different initialization conditions). We performed the estimation pro-

cess using two different sets of weights for the optimization function to demonstrate the
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relative robustness of the estimation process to weight choices: Each column (D-F and G-I)

represents the results that are obtained with a given set of weights as marked below. D,G Esti-

mated relative intra vascular volume change (�I ex). E,H Estimated non autonomic vascular

resistance (MSVR). F,I estimated maximal relative contractility ( ~Kmax).

(TIFF)

S6 Fig. Demonstration of the estimation process on simulation with predefined model

parameters—An artificial patient with a combined hypovolemic and distributive shock

state. A-C.—The original parameters of the simulation chosen arbitrarily: relative intravascu-

lar volume change: �I ex �
Iex
DV0

(A), MSVR (B), and Kmax (C.). D-I. Each grey line represents a

smoothed result of an estimation run obtained for each time interval (see Methods). The pur-

ple line is an average over all repeated runs (N = 5, different initialization conditions). We per-

formed the estimation process using two different sets of weights for the optimization function

to demonstrate the relative robustness of the estimation process to weight choices: Each col-

umn (D-F and G-I) represents the results that are obtained with a given set of weights as

marked below. D,G Estimated relative intra vascular volume change (�I ex). E,H Estimated non

autonomic vascular resistance (MSVR). F,I estimated maximal relative contractility ( ~Kmax).

(TIFF)
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