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Left Ventricular Veolume and Cardiac Output Estimation Using Machine Learning
Maodel

Cross-Reference to Related Applications

{0081} This application claims the benefit of priority under 35 U.S.C. § 119¢e) from United
States Provisional Application Serial No. 62/793,239 filed January 16, 2019, the contents of

which are hercby incorporated by reference n their entirety.

Backeround

{6602} Cardiovascular discases are a leading cause of morbidity and mortality, and pose a
burden on healthcare around the world. A variety of treatment modalities have been developed
for cardiovascular disease, ranging from pharmaceuticals to mechanical devices and finally
transplantation. Temporary cardiac support devices, such as ventricular assist devices, provide
hemodynamic support, and facilitate heart recovery. Some ventricular assist devices are
percutancously inserted into the heart and can nm in parallel with the native heart to supplement
cardiac output, such as the IMPELLA ® family of devices {Abiomed, Inc., Danvers MA).
{0063} The amount of support, as measured by the volumetric flow of blood delivered by the
purmaping device, or the duration of support that each patient needs can vary. It is difficult for
chinicians to directly and quantitatively determine how much support a device should dehiver
or when to terminate use of a cardiac assist device, particularly for patients who recover from
mtervention or other cardiac care. Thus, clinicians tend to rely on judgments and indirect
estimates of cardiac function, such as measuring intracardiac or intravascular pressures using
flnd-filled catheters.

{06604} While fluid-filled catheters can provide important measurements of cardiac parameters
that enable health care professionals to make decisions about a patient’s cardiac care and health,
the presence of diagnostic equipment in the blood vessels can be risky to the patient and may
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be less precise than would be desired; in some cases the equipment can mterfere with the

functionality of the pumping device.

Sumimary

5 [00085] The methods, systems, and devices described herein enable the creation and use of a
maodel relating blood pump parameters to a cardiac paramcter based on a first pationt
popudation, which can then be applied to a second patient population to estimate the cardiac
parameter without the use of an additional measurement catheter or other diagnostic device. In
patticular, the methods and systems cnable the use of machine lcarning to develop a model

16 representing the relationship between measured parameters of a blood pump and a cardiac
parameter, such as left ventricular volume or cardiac output, for a first patient set. The machine
leaming algorithm constructs a model of the measured cardiac parameter with regard to one or
more measurable parameters of a blood pump based on data from a large number of patients
having various characteristics such as sex, weight, disease state, cardiac outcomes, diagnosis,

15 or other characteristics. After the model is developed, which predicts the cardiac parameter
measured by a diagnostic device {e.g., a fluid-filled catheter), the model can then be accessed
and applied to paticats in a second patient set to estimate the cardiac parameter (such as cardiac
cutput) based on pump parameters without sse of an additional catheter or other diagnostic
device.

20 [0006] In particular, a model is created by tracking blood pump performance parameters such
as pump speed, carrent, flow, and pressure in the vessel where the pump is positioned (such as
aortic pressure measured by on-board optical or other pressure sensors on the pump itself), and
mcasuring one or more hemodynamic parameters, such as a left veninicular volume, left
ventricular pressure, pulmonary artery pressure, or other cardiac parameter (such as by a

25 pressure sensing catheter) over a time period in a plurality of patients who make up a model
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trafming group. The data is collected, stored, and then analvzed using a machme learning
algorithm to extract a curve fit for the patient set or for a particular sub~group of patients. For
example, a model may be extracted that indicates cardiac output based on pump performance
parameters and measured hemodynamic parameters from a population of patients in the patient
set. The model may be applicable to all patients 1n the patient set, or to one or more patients in
the patient set, or a model may be extracted that is applicable to a subset of patients in the set
that have a particular charactenistic. For example, in some embodiments different models may
be determined for all patients diagnosed with cardiogenic shock, or myocardial infarction, or
may be based on patient demographics such as sex, weight, or risk factors. In another example,
the model is applicable to all tvpes of patients regardless of their diagnosis or various
demographics.

{0007} The model is created by use of neural networking to it the large amount of stored data
to a model. At each time pomt in the pressure and flow data measured in a particular patient in
the patient population, the neural network may use the pressure and the flow data {or pump
speed or other parameters) extracted from the blood pump to calculate a cardiac parameter such
as feft ventricular pressurc, and compare the calculated cardiac parameter to the true
measurcment of the parameter as determined by the catheter. The neural network may include
a plurabity of cells which communicate with one another to develop a model based on the
relationship between the pump parameters (¢.g., pump speed, pressure and flow data) and the
cardiac parameters. The cells receive the purap performance data {e.g., pump speed, pressure
and flow) and hemodynamic parameters as inputs at a first time point and transform the inputs
based on model fits. The mputs to the model may be hemodynamic parameters and pump
pararacters which can be related to the measured cardiac parameter. The neural network may
be a stacked neural network, for example a stacked bidirectional recarrent neural network,
which communicates over time in hidden states, and develops the model based on multiple
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activation functions to iterattvely develop the model. A cell of the neural network may, for
example, transform the mputs based on model fits and then transmit the transformed mputs to
anext cell in the stack along with an updated hidden state and cell state. The final model output
from the neural network is able to accurately represent cardiac output, or left ventricular
volume {(or other cardiac function) based on the pump parameters without the use of a catheter.
{0008} The model can then be applied to patients who are outside of the training group. In the
case of a model which is applicable to patients regardless of demographic or diagnosis, the
model may be applied to all patients in a second group not part of the model training group. In
another embodiment, a health care provider may mput various demographics of a patient and
an appropriate model s chosen based on the patient demographics. The model is then applied
to the blood pump parameters measured for the patient and an estimated cardiac parameter 18
extracted. For example, the blood pump speed and aortic pressure measured in a paticnt can be
used with the model to extract an estimated left ventricular pressure or cardiac output. The
estimated left ventricular pressure illustrates the patient’s cardiac health over time.

{6605} The model can be used to provide health care professionals with a continuous or nearly
continuous estimate of a cardiac parameter while the pumping device is in the patient, enabling
the health care professional to make real-time decisions about the patient’s care. For example,
the provided estimated cardiac parameter can be used by a health care professional in decisions
related to cardiac health, weaning the patient from the pumping device supportt or increasing
support. The cardiac parameter may be a left veniricular volume, cardiac output, cardiac power
output, compliance, native flow, stroke volume, volume at diastole or systole, or other relevant
cardiac parameter, or any combination of the foregomg. Other hemodynamic or cardiac
pararacters mayv be determined using the estimated cardiac parameter and provided to a health

care professional as well.
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{8618 In an aspect, a method of estimating a cardiac parameter for a patient inchides operating
a blood pump within cach patient m a first patient set, the blood pump bhaving at least one
measurcable pumap parameter, measuring at feast one hemodynamic parameter and the at least
one measurable pump parameter for each patient in the first patient set to acquire a first
hemodynamic parameter measurement and a first pump parameter measurement, and building
amodel of one or more cardiac parameters based on a relationship between the at least one first
hemodynamic parameter and the at least one measurcable pump parameter for the first patient
set. The model may include a neural network with inputs of hemodynamic parameters and
pump parameters from multiple patients within the first sot. The method further includes
operating a second blood pump in a second patient m a second patient set, and applying the
model to the second patient by measuring the at least one measureable pump paranieter in the
second patient to acquire a second pump parameter measurement, measuring the at feast one
first hemodynamic parameter in the second patient to acquire a second hemodypamic
parameter measurement, and estimating a cardiac parameter for the second patient, where the
cardiac parameter for the second patient is output by the model based on the second pump
parameter measurement and the second hemodynamic parameter measurement. In some
implementations, the method further includes determining an estimated cardiac parameter
based on the at least one hemodynamic parameter and at least one measurable pump parameter
for at least one time point. In some implementations, the method includes inserting into each
patient within the first patient set a sensing catheter separate from the blood purap (for example
placing the catheter in the left ventricle, or pulmonary artery), and measoring at the sensing
catheter a hemodynanuc parameter (such as left ventricular end diastolic pressure, or
pulmonary capillary wedge pressure). The measured hemodynamic parameter may be used to
calculate cardiac output or other cardiac parameter, as a measured parameter. In some
mmplementations, the method further includes comparing the estimated cardiac parameter based
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on ountput from the model to the measured cardiac parameter based on an input provided from
a reading of the sensing catheter. Ultimately, pump operation can be established and adjusted
based on the estimated cardiac parameters from the model, for example by using the estimated
cardiac parameters from the model as inputs to a pump controller configured to receive such
parameters and adjust the pump output.

{0011} fn some mmplementations, the method includes displaying the second pump parameter
measurement and the second hemodynamic parameter measurement for the second patient on
a display, displaving the estimated cardiac parameter of the second patient on the display,
and/or computing a suggested change in a pump speed based on the estimated cardiac
parameter in the second patient. In some implementations, the method further includes
implementing the suggested change in pump speed.

{0012} In some implementations, building a model of a cardiac paramcter comprises using a
neural network to extract a model from the at least one first hemodynamic parameter and the
at least one measurable pumyp parameter for the first patient set. The model may be extracted
from multiple parameters, including multiple hemodynamic parameters and multiple pump
parameters, taken from one or multiple patients. The model is stored in a memory and may be
onboard or otherwise accessible over a network by a purap controller. The newural network may
include a plorality of cells. In some implementations, the plurality of cells are in
compunication with one another and the cells accept one or more parameters (measured
parameters such as punp parameters and hemodynamic parameters, or combinations of pump
parameters and hemodynamic parameters) as inputs and transform the one or more parameters
based on a model fit. One or more cells may transmit the transformed parameters to a
neighboring ccll, such as a cell having a hidden state or a cell state. In some implementations,
a first cell in the neural network accepts one or more hemodynamic parameters and one or more
measurable pump parameters for a first patient set as mputs at a first tirne point. The furst cell
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i the neural network may receive multiple parameters or combinations of parameters, such as
multiple hemodynamic parameters and multiple pump parameters. In some implementations,
the first cell transforms at least one first hemodynamic parameter and at least one measurable
pump parameter based on one or more model fits before transmitting the transformed
hemodynamic parameter and measurable pump parameter to a second cell in the neural
network. In some implementations, the first cell updates a hidden state and cell state for a first
tume point. In some implementations, the first cell receives at least one first hemodynamic
parameter and at least one measurable parameter for a second time point and updates the hidden
state and cell state for the second tume point. In some unplementations, the first patient set is
formed of a single patient.

{8013} In an aspect, a method of estimating a cardiac parameter for a patient based on a model
includes operating a blood pump in a patient, measuring at least one measurable pump
parameter of the blood pump in the patient to acquire a pump parameter measurement,
measuring at least one hemodynamic parameter in the patient to acquire a hemodynamic
parameter measurement, and accessing from a database a model of a relationship between the
at least one measurable pump parameter, the at least one hemodynamic parameter, and a cardiac
parameter. The method further inclades estimating a cardiac parameter estimate for the patient,
where the cardiac parameter estimate for the patient is output by the model based on the pump
parameter measurement and the hemodynamic parameter measurement.

{0014} In some implementations, the methods and systems access a model by determining a
selected model from a plarality of available models. In some mmplementations, the selected
model is determined based on information associated with the patient. Tn some
implementations, the method includes choosing a model formed by a neural network including
a plurality of cells. In some implementations, the newral network 1s a recurrent bi-directional
neural network. In some implementations, the neural network includes a plurality of cells. In
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some tmplementations, the phurality of cells are in commmication with one another and the
cells accept one or more measured paramcters as inputs, transform the one or more measured
parameters based on a model fit, and transmit the transformed parameters to a neighboring cell
with a hidden state or a cell state. In some implementations, the method includes determining
a recommended change 1o the operation of the blood pump based on the estimated cardiac
parameter.

{0015} In an aspect, a method for developing an estimate of a cardiac parameter in a patient
includes measuring one or more parameters derived from operation of a medical device and
measuring a cardiac parameter in a first patient population, developing a model of the cardiac
parameter based on the one or more paramcters derived from operation of the medical device
and the cardiac parameter in the first patient population, and applying the model to a patient in
a second patient population to estimate the cardiac parameter for the patient.

{6616} In some implementations, the method also inchudes labeling the model according to
common characteristics of one or more patients in the first patient population, and/or
determining, based on the labeling of the model, whether the model is applicable to the patient
in the second patient population by comparing characteristics of the paticnt in the second
patient population with the characteristics of the one or more paticnts in the first patient
popuolation. In some implementation, the method alse includes utilizing a machine learning
algorithm to develop a model of the cardiac parameter based on the one or more parameters
derived from operation of the medical device and the measured cardiac parameter in the first
patient population. In some implementations, a nearal network is utibized to develop the model.
In some implementations, the neural network mncludes a plurality of cells. Tn some
implementations, the plurality of cells are in communication with one another and the cells

accept one or more measured parameters as inputs, transform the one or more measured
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parameters based on a model fit, and transmit the transformed parameters to a neighboring cell
with a hidden state or a cell state.

{8017} In some implementations, applving the model to the patient in the second patient
population includes operating the medical device in the patient in the second patient population,
measuring, in the patient m the second patient population, the one or more parameters denved
from operation of the medical device, inputting the measured one or more parameters derived
from operation of the medical device into the model of the cardiac parameter, and estimating,
based on the model, an estimated cardiac parameter of the patient in the second patient
population.

{6618} In an aspect, a system for estimating a cardiac parameter of a patient based on a pre-
determined model (such as a model formed by any of the technigues disclosed herein} includes
a blood pump and a controller. The blood pump includes a drivable rotor designed to be driven
at one or more pump speeds, and a sensor able to measure a hemodynamic parameter. The
controller includes a memory which receives a hemodynamic parameter measurement from the
sensor and records the hemodynamic parameter measurement, the memory also storing (or
accessing from a petwork) a pre-determined model of a cardiac parameter based on the
hemodynanic parameter and a pump speed of the one or more pump speeds {or current, flow,
or other pump parameters). The controller also inclades a driver designed to drive the rotor and
to transmit a pump speed of the driven blood pump rotor {or one or mare other pump
parameters) to the memory 1o be recorded, and a display which displays one or more parameters
recorded in the memory. The memory uses the pre-determined model and the hemodynamic
parameter measurement and pump parameters (¢.g., pump speed) to deternune an associated
cardiac parameter, and transmits the deternuned cardiac parameter to the display.

{8619} In some implementations, the memory stores a plurality of pre-determined models of
the cardiac parameter based on the hemodynamic parameters and the pump parameters {e.g.,

G



10

20

WO 2020/150346 PCT/US2020/013672

the pump speed, motor current). In some mmplementations, the controller selects one pre-
determined model from the plurality of stored pre-determined models based on one of the
hemodynamic parameters or the pump parameters {¢.g., pump speed, motor current). In some
implementations, the controller selects one pre-determined model from the plurality of stored
pre-deternuned models based on an input to the display. In some implementations, the plurality
of pre-determined models are formed by a neural network including a plurality of cells. Tn some
implementations, the neural network is a recurrent bi-directional neural network. In some
implementations, the neural network includes a plurality of cells. In some implementations, the
plurality of cells are in conmununication with one another and the cells accept one or niore
measured parameters as mputs, transform the one or more measured parameters based on a
model fit, and transmit the transformed parameters to a neighboring cell with a hidden state or
a cell state.

{6628} In some implementations, the memory is wirelessly connected to a database containing
a plurality of pre-determined models of the cardiac parameter based on the hemodynamic
parameter and the pump speed. Tn some mplementations, the controller selects one pre-
determined model from the database and retricve the selected one pre-determined model for
storage in the memory. In some implementations, the plurality of pre-determined models are
formed by a neural network including a plurality of cells. In some implementations, the newral
network is a recurrent bi-directional neural network.

{0021} In some tmplementations, the controlier determines a recommended change to the
pump speed based on the determined cardiac parameter. In some implemeniations, the
controller generates for display on the display the recommended change to the pump speed. In
some implementations, the controller implements for display on the display the reconumended
change to the pump speed. In some mmplementations, the sensor measures the aortic pressure.
In some implementations, the cardiac parameter is a left ventnicular volume. In some
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implementations, the cardiac parameter 15 cardiac power, cardiac power output, or another
cardiac parameter.

{0622} In an aspect, a method of estimating a cardiac parameter for a patient using a database
includes operating a blood pump in a first patient, measuring at least one measurable pump
parameter of the blood pump m the first patient to acquire a pump parameter measurement,
measuring at least one hemodynanic parameter in the first patient to acquire a hemodynamic
parameter measurement, and accessing a database comprising patient data for patients other
than the first patient, where the patient data includes at least one of a measurable pump
parameter, a hemodynamic parameter, and a cardiac parameter. The method further mncludes
using the pump parameter measurement in the first patient, hemodynamic parameter
measurement in the first patient, and stored patient data from the database, to estimate a cardiac
parameter for the first patient.

{6623} In some embodiments, ablood pump is operated in a first patient, and measurable inputs
from the first patient are used in combination with a database comprising patient data from
patients other than the first patient to cstimate a cardiac parameter for the first patient. For
example, the database can include cardiac power outputs for a range of patients, along with
other measured data. The database includes data from a range of patients having different
characteristics {e.g. age, sex, weight, height, ¢tc.). In one example, the database includes data
from a range of paticuts having different medical conditions. The database can be periodically
updated to mclude new data. In some implementations, the database includes models of a
relationship between hemodynamic parameters, pump parameters, and cardiac parameters. In
some tmplementations, the models are derived from use of a neural network on patient data. In
some implementations, the neural network from which the models arc derived includes a
plorality of eells. In some implementations, the plurality of cells are in communication with
one another and the cells accept one or more measured parameters as mputs, transform the one
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or more measured parameters based on a model fit, and transmit the transformed parameters to

a neighboring ccll with a hidden state or a celf state.

Brief Description of the Dirawings

{8024} The foregoing and other objects and advantages will be apparent upon consideration of
the following detailed description, taken in conjunction with the accompanying drawings, in
which like reference characters refer to like parts throughout, and i which:

{6623} FIG. 1 shows a block diagram of a system for estimating a cardiac parameter of a patient
based on a pre-determined model;

{08026} FIG. 2 shows a block diagram of a stacked bidirectional recurrent neural network;
{80627} FIG. 3 shows a block diagram of a Long Short-Term Memory Cell of the stacked
bidirectional recurrent neural network of Figure 2;

{6628} FIG. 4 shows a method of developing and using a model for estimating a cardiac
parameter for a patient;

{8629} FIG. 5 shows a method of using a model to estimate a cardiac parameter for a patient;
{6630} FIG. 6 shows a method for developing an estimate of a cardiac parameter in a patient,
{0031} FIG. 7A shows an exemplary graph of measured left ventricular volume and predicted
left ventricular volume based on an example relationship between an acrtic pressure and pump
flow;

{6832} FIG. 7B shows an exemplary graph of measured cardiac output and predicted cardiac
output based on an example relationship between an aortic pressure and pump fow;

{8033} FIG. 7C shows an example measured aortic pressure used in the prediction of the left
ventricular volume of FIG. 7A and the cardiac output of FIG. 78;

{8034} FIG. 7D shows an example measured pump flow used in the prediction of the left
ventricular volume of FIG. 7A and the cardiac output of FIG. 7B;
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{8035} FIG. 8A shows an exemplary graph of measured left ventricular vohume and predicted
lett ventricular volume based on an example relationship between an aortic pressure and pump
flow and at a pump power level of 2;

[0036] FIG. 8B shows an exemplary graph of measured stroke volume and predicted stroke
volume based on an example relationship between an aortic pressure and pump flow and at a
pump power level of 2;

{6837} FIG. 8C shows an exemplary graph of measured left ventricular vohume and predicted
left ventricular volume based on an example relationship between an aortic pressure and pump
flow and at a pump power level of 3;

{0038} FIG. 8D shows an exemplary graph of measured stroke volume and predicted stroke
volume based on an example relationship between an aortic pressure and pump flow and at a
pump power level of 3;

{6639} FIG. 9A shows an exemplary graph of measured left ventricular volume and predicted
left ventricular volume based on an example relationship between an aortic pressure and pump
flow for irregular waveforms;

{6040} FIG. 9B shows an exemplary graph of measured stroke volume and predicted stroke
volume based on an example relationship between an aortic pressure and pump flow for
trregular waveforms;

{0041} FIG. 9C shows an exemplary graph of measured left ventricular volume and predicted
left ventricular volume based on an example relationship between an aortic pressure and pump
flow for irregular waveforms; and

{8042] FIG. 9D shows an exemplary graph of measured stroke volume and predicted stroke
volume based on an example relationship between an aortic pressure and pump flow for

irregular waveforms.
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Detailed Description

{0043} To provide an overall understanding of the methods and systems described herein,
certain illustrative embodiments will be described. Although the embodiments and features
described herein are specifically deseribed for use m connection with blood pump devices, it
will be understood that all the components and other features outlined below may be combined
with one another in any suitable manner and may be adapted and applied to other types of
cardiac and medical therapics.

{6044} In some embodiments, a blood pump is operated in a first patient, and measurable inputs
from the first patient are used in combination with a database comprising patient data from
patients other than the first patient to estimate a cardiac parameter for the first patient. For
example, the database can inclode cardiac power outputs for a range of patients, along with
other measured data. The database includes data from a range of patients having different
characteristics {¢.g. age, sex, weight, height, etc ). In one example, the database includes data
from a range of patients having different medical conditions. The database can be periodically
updated to include new data.

{6043} FIG. | shows a block diagram of a system 100 for estimating a cardiac parameter of a
patient based on a pre-determined model. The svstem 100 includes a controller 102 and a blood
pump 104. The controller inchudes a memory 106 having a pre-determined model 118, driver
108, and display 1 10. The blood pump 104 includes a rotor 114 and a sensor 116, The controller
102 is communicatively coupled to the blood pump 104 by wire 112, which may be an electrical
wirg and/or a mechanical drive shaft. The driver 108 within controller 102 controls the blood
pump 104 including the speed of operation of the rotor 114, The driver 108 is communicatively
coupled to memory 106 by channel 107 and 15 also communicatively coupled to the display
110 by channel 109. The sensor 116 of the blood pump 104 may be coupled to the controller
102 by wire 112, or may be wirelesslv coupled to the controlier 102,
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{8846} The blood pumyp 104 1s operated in the vasculatare of a patient to provide cardiovascalar
support by pumping blood in the patient’s heart or vasculature. The speed of rotation of the
rotor 114 controls a rate of flow of the blood through the blood pump 104, The sensor 116 is
focated on the blood pump 104 such that the sensor 116 can measure a hemodynamic parameter
of the patient while the blood pump 104 15 10 place within the patient’s vasculature. The sensor
116 transmuts the measured hemodynamic parameter to the controller 102 wirelessly or via
wirg 112. In some implementations, the sensor 116 is an on-board optical sensor or a pressure
sensor located on the blood pump 104, In some implementations, the sensor 116 measures an
aortic pressure. In some umplementations, the sensor 116 measures other hemodynamic
parameters.

{8047} The controller 102 controls the speed of the rotor 114 by altering the power supplied to
the blood pump 104. The driver 108 also measures the load on the rotor 114 by measuring the
current supplied to the rotor 114 o maintain a particular rotor speed. The driver 108 stores the
measured pump parameters in the memory 106. The driver 108 recetves the measured
hemodynamic parameter from the sensor 116 and stores these m the memory 106 as well. The
driver 108 mav also include processing hardware or software (not shown) to enable the
hemodynamic parameter and pump parameters to be processed, such as averaged or used to
calculate other cardiac parameters in the controller 102, The controller 102 tracks the blood
pump parameters such as pump speed, current, flow and pressure in the vessel based on the
performance of the blood pump and the hemodynamic parameter measured by the sensor 116.
The driver 108 transmits the hemodynamic parameters, pump parameters, or other measured
or calculated parameters to the display 110,

{06648} The memory 106 mcludes pre~-determined model 118 relating pump parameters to one
or more hemodynamic parameters. The creation of such a model s deseribed below. The
memory 106 and/or the driver 108 uses the measured pump and hemodynamic parameters with
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the stored pre-determined model 118 to estimate a particular cardiac parameter based on the
measured pump parameters. The cardiac paramcter may be a left ventricular volume, cardiac
output, cardiac power output, compliance, native flow, stroke volume, volume at diastole or
systole, or other relevant cardiac parameter, or any combination of the foregoing. No additional
catheters or diagnostic devices may be required to measure the cardiac parameter because the
model provides the estimated cardiac parameter based on the model built from other patient
data from a first patient set. In some implementations, the memory 106 includes more than one
pre-determined model 118, and a particular pre-determined model 118 is selected based on one
or more of the measured pump parameters and hemodynamic parameters. In some
implementations, a particular pre-determined model 118 is selected from multiple stored
models by an input from a healthcare professional. In some implementations, the memory 107
stores a database or is linked to a database from which the pre-determined model is selected.

{6049} In some implementations, the driver 108 displays the estimated cardiac parameter on
the display 110. In some implementations, the controller 102 uses the estimated cardiac
parameter to determine a recommended course of action with regard to increased or decreased
support by the blood purap 104. For example, the controller 102 may display on the display
110 recommended changes in the operation of the blood pump 104 based on the measured
hemodynamic and pump parameters and the estimated cardiac parameters. In particular, the
controller 102 can determine the reconumended course of action based on a comparison of the
estimated cardiac parameter with previous estimated cardiac parameters for the patient. In some
embodiments, the controller 102 may make a change to the support provided by the blood
pump 104 based on the proposed course of action. In some embodiments, the controller 102
presents options to a health professional via the display 110 and allow the health professional

to select an option to control or change the blood pump 104 operation.
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{8858} In some implementations, the hemodynamic parameters and pump parameters or other
data stored m the memory 106 can be extracted from the memory 106 for use with data from
other patients to use in the creation of an algorithm relating blood pump parameters to one or
more cardiac parameters. The extracted data may be combined with other health data such as
sex, weight, disease state, cardiac outcomes, diagnosis, or other characteristics, and used to
create an algorithm based on machine learning or a neural network. In some implementations,
the controller 102 is coupled to a database which stores the data from which the pre-determined
model 1s derived, and the controller 102 uploads data to update the database.

{6651} FIG. 2 shows a block diagram of an exemplary stacked bidirectional recurrent neural
network 200, which can be used for creation of a model, such as the pre-determined model 118
that can be used in the blood pump system 100 of FIG. 1 to interpret and estimate cardiac
parameters from pump parameters measured in a paticnt. The neural network 200 is used to fit
the large amount of data from a training data set including measured parameters from a first
pattent set. The exemplary neural network can be implemented in creating a model relating
blood pump parameters to cardiac parameters, as described above in FIG. 1. The exemplary
neural network 200 is a stacked bi-directional recurrent neural network, though other neural
network models are also available that are applicable to the creation of the model described
herein. The neural network 200 communicates over time in hidden states, and develops the
model based on mmultiple activation functions to iteratively develop the model, as will be
described in fuller detail below. The model created using the neural network can then be stored
in a controiler memory, for example in memory 106 of FIG. 1, and used to estimate cardiac
parameters in a patient in which a blood pump is being operated. In this exemplary neural
network 200, processing cells 220a-j (labeled “LSTM” for long short-term memory) are
organized in a grid, having rows 222 and 224 and columns 226-234. The processing cells 220a-
} conumunicate between each other along the rows 222 and 224 and colurns 226-234. There
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are multiple levels or rows 222 and 224 stacked between iputs and output, and multiple
columns 226-234.

{0652} The lowest row 224 is an input row, with inputs 236a-¢ of aortic pressure (AOP) and
pump flow (Flow). The ighest row 222 is an output row, outputting the cstimated output
parameter 238, for example left ventricular volume (LVV). The number of rows between the
mput row 224 and the output row 226 are indicative of model depth or sophistication. For
example, the model can be bi-directionally stacked as neural network 200 is in FIG. 2.
Alternatively, the model can have three, four, five or more levels of cells stacked between the
mnput row 224 and the output row 222. Each estimation by the neural network 200 is based on
a number of states at different sampling times, represented by the number of columas 226-234
i the exemplary neural network 200. For neoral network 200, at time ¢, the neural network 200
receives inputs 236e of AGP and flow, and uses information from the neural network 200 for
anumber of previous states, ¢.g. 73 states shown as t-74 for inputs 236a in column 226 through
t-1 for inputs 236d in column 232. The neural network 200 computes the estimated cardiac
parameter {the output 238) based on a group of at least 25 previous sampling instances. In some
implementations, the neural network computes the estimated cardiac parameter (the output
238} based on a group of at least 50, or at least 75 or more previous sampling instances. At
each time point in the aortic pressure and flow data measured in a particular patient in the
patient population, the neural network may use the pressure and the flow data extracted from
the blood pump to calculate a cardiac parameter such as left ventricular pressure, and compare
the estimated cardiac parameter to the troe measurement of the parameter as determined by the
catheter. In some implementations, the cardiac parameter is a left ventricular volume, cardiac
output, cardiac power output, comphance, native flow, stroke volume, volume at diastole or

systole, or other relevant cardiac parameter, or any combination of the foregoing.
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{8653} In particular, within each cell of the neural network 200, the neural network 200
generates so-called hidden states and shares these hidden states across different cells. By
uttlizing the stacked neural network system, it is possible to extract complex relationships
between the input data 236a-¢ in order to produce an accurate estimation of an output parameter
238.

{00354} The neural network 200 may be used in a machine leaming algorithm which constructs
a model of a measured cardiac parameter (for example, aortic pressure} with regard to one or
more measurable parameters (such as pump speed or flow) of a blood pump (such as blood
pumep 104 in FIG. 1) based on data from a large number of patients having varnous
characteristics such as sex, weight, discase state, cardiac outcomes, diagnosis, or other
characteristics. The patient data is input into the machine learning algorithm to develop a model
based on relationships that the algorithm determines between the various pieces of input data.
The final model is able to represent an accurate left ventricular volume or cardiac output (or
other cardiac function} curve based on the pump parameters withouat the use of a catheter, and
as described above, may be a global model of all physiological conditions equipped to handle
any case n a patient population. After the model is developed, which predicts the cardiac
parameter measured by a diagnostic device (¢.g., a fhud-filled catheter or other internal sensor),
the model can then be apphied to patients in a second patient set cuiside of the training group,
to estimate the cardiac parameter based on pump parameters without use of an additional
catheter or other diagnostic device.

{8658} FIG. 3 shows a block diagram of a Long Short-Term Memory Cell of the stacked
bidirectional neural network of FIG. 2. For example, the cells 220a-1 of the neural network 200
of FIG. 2 can be long short-term memory colls. Alternatively, the cells 220a-j of the newral
network 200 can be other types of cells. Similarly, the nearal network 200 itself can be a neural
network such as shown in the example of FIG. 2, or another type of neural network such as
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fully recurrent, Elman network, Hopfield network, Echo state network, hierarchical, ete. In the
example of FIG. 2, the neural network cells are long shori-term memory cells. FIG. 3 shows a
single fong short-term memory cell 300. As shown in FIG. 3, long short-term memory cell 300
has four activation functions, represented by four boxes and their associated fanctions
mcluding first function “f” 340, second function “&,” 342, third function “i” 344 and fourth
function “o” 346, respectively. First function “fi” 340 is a sigmoidal function producing a
gating variable, second function “¢,” 342 is a hyperbolic tangent function producing a
candidate state of the memory cell, third function 1 344 1s a sigmoidal function producing a
gating variable and fourth function “o” 346 15 a sigmoidal function producing a gating vanable.
While the first function “f” 340, second function “&,” 342, third function “i” 344 and fourth
function “oi” 346 are examples, and other functions can be used in processing information in a
cell 300, the exemplary first function “7 340, second function “¢;” 342, third function %™ 344
and fourth function “o” 346 are defined below:

0056] f; = o{Wilhey, ]+ b;)

0057 iy = o(Wilh, 1, %]+ b))

{0658} 0, = oW [h, %] + Bo)

{0059} &, = tanh(W.[h, ., x ] + b

{0060} The cell 300 receives a cell state 348a from previous cells (Ycer”), and processes this
cell state 348a through the first function (") 340 which indicates what elements the cell 300

e

L

59

should no longer take into account, the second function 342 which indicates what

mformation the cell 300 should extract, the third function “i” 344 which ndicates what
mformation the cell should update, and a fourth function “o” 346 or summary gate which
provides an output used to update the candidate cell. The updated cell state 348b is passed to

neighboring cells in the neural network. o this example, the cell state is defined by the below

equation
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8061} cp=fioc+io

{8662} The cell 300 receives a udden state 349a from previous cells (“hi-17), and processes this
hidden state 349a. The hidden state 349a is used as an mput to the first function ("f7) 340
which indicates what elements the cell 300 should no longer take into account, the second
function &7 342 which indicates what information the celi 300 should extract, the third
function “it” 344 which indicates what information the cell should update, and a fourth function
“or7 346 or summary gate which provides an output used to update the candidate cell. The
updated hidden state 349 is passed to neighboring cells in the neural network. As iltustrated,
the updated hidden state 349b 1s passed to cells which neighbor the cell 300 in the same row
or in the same column. In this example, the hidden state is defined by the below equation:
[8063] 4, = o, » tanh{c,)

{B064] The activation functions or gates can correspond to a range of functions, mncluding
sigmotid, hyperbolic tangent, sigmoid, or anv combination of these or other functions. The
processing of inputs through the various functions of the cell 300 enables a neural network
comprising many such cells to access complex relationships amongst data inputs to produce an
algorithm that can be applied to other data to predict an outcome.

{80653} FIG. 4 shows a method 400 of developing and vsing a model for estimating a cardiac
parameter for a patient based on blood pump parameters (for example blood pump 104 m FIG.
1}. The method 400 includes step 402 in which a blood pump is operated within a first set of
patients. In some implementations, another intravascular medical device such as a balloon
pump, centrifugal pump such as an ECMO, pulsatile pump. roller pump or other ventricular
assist devices may be used in a similar fashion, rather than a blood pump. At step 404, for each
patient in the first set of patients, a hemodynamic parameter and a pump parameter are
measurcd. More than one hemodvnamic and/or pump parameter may be measured for cach

patienit in the first set of patients. In some implementations, the hemodynamic and pump
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parameters measured for cach patient are one or more of pump speed, current, flow, and
pressure in the vessel, and the measurements are based on the performance of the blood pump.
In some implementations, an aortic pressure is measured as the hemodynamic parameter. The
hemodynamic parameter is measured by a measarement catheter such as a fluid-filled catheter,
mea catheter, millar catheter (for anumals), or by another diagnostic device.

{0066} In some implementations, one or more of pump speed, flow rate, pump pressure are
measured as the pump parameter. The pump parameter is measured by the blood pump
controller based on the current supplied to the pump, load on the pumyp or other charactenistic
of the blood pump operation. At step 406, the cardiac parameter is measured for cach patient
in the first paticnt set. In some implementations, the cardiac parameter is a left ventricular
volume, cardiac output, cardiac power output, comphiance, nattve flow, stroke volume, volume
at diastole or svstole, or other relevant cardiac parameter, or anv combination of the foregoing.
The cardiac parameter, and hemodynamic and pump parameters, may be measured over a
period of time for cach of the patient’s in the first patient group, which is the model training
group.

{6067} Atstep 408, the hemodynamic parameter and pump parameter are used to build a model
of a cardiac parameter based on a relationship between the hemodynamic and pump parameter.
The data from each of the patients in the first patient set is collected and stored, and then
analyzed using a machine leaming algorithm to extract a curve fit for the patient set n its
entirety, or for particular patient sub-groups. For example, a model may be extracted which is
applicable to one or more patients in the patient sef, or a model may be extracted that is
applicable to a subset of patients in the set that have a particular characteristic. For example,
some embodiments different models may be determined for all patients diagnosed with

cardiogenic shock, myocardial infarction, or based on patient demographics such as sex,
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weight, or risk factors. In another example, the model is applicable to all types of patients
regardless of their diagnosis or various demographics.

{0068} The model may be built using machine learning or neural networks, such as described
above tn FIGS. 2 and 3, or any other available machine leaming setup. Neural networking can
be used to fit the large amount of stored data to a model. Once built, the model may be stored
mn a controller of the blood pumep (for example in memory 106 of FIG. 1), or may be hosted i
aserver or processor coupled to the blood pump controller or ancther processor which receives
the measured parameters from a blood pump controller.

{6069} At step 410, a blood pump 1s operated in a patient in a second patient set to provide
cardiac support. At step 412, the model produced in step 406 is applied to the patient in the
second patient set by measuring the pump parameter and hemodynamic parameter in the
patient, and estimating the cardiac parameter of the patient based on the model and the pump
and hemodynamic parameters measured in the patient in the second set. In this way, an
estimated cardiac parameter can be determined for the patient i the second patient set based
on the model and without the use of additional catheters or diagnostic tools.

{6670} In the case of a model which is applicable 1o patients regardless of demographic or
diagnosis, the model mav be applied to all patients in a second group not part of the model
training group. In another embodiment, a health care provider may input various demographics
of a patient and an appropriate model is chosen based on the patient demographics. The model
1s then applied to the blood pump parameters measured for the patient and an estimated cardiac
parameter is extracted. For example, the blood pump speed and aortic pressure measured in a
patient can be used with the model to extract an estimated cardiac parameter such as a left
ventricular volume, cardiac output, cardiac power output, compliance, native flow, stroke
volume, volume at diastole or systole, or other relevant cardiac parameter, or any combination
of the foregoing.
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{8671} FIG. S shows a method 500 of using a model built from data of a first patient set to
estimate a cardiac parameter for a patient in a second patient set. At step 502, a blood pump is
operated within the vasculature of the patient in the second patient set. At step 504, at least one
measurable pump parameter of the blood pump is measured i the patient to acquire 3 pump
parameter measurement. In some implementations, the pump parameter may be a pump speed,
flow rate through the pump, or pressure within the pwmp, and can be measured based on a
current supplied to the pump, load on the pump or other characteristic of the blood pump
operation. The pump parameter can be measured at the controller of the blood pump (for
example, controller 102 in FIG. 1) or at the blood pump itself. At step 506, at least one
hemodynamic parameter is measured in the patient to acquire a hemodypamic parameter
measurement. In some implementations, the hemodynamic parameter is an aortic pressure. The
hemodynamic parameter can be measured by a sensor placed on the blood pump., or on a
catheter coupled to the blood pump.

{8072} At step 508, a model of a relationship between the at least one measureable pump
parameter, the at least one hemodvnamic parameter, and a cardiac parameter 1s accessed. The
model may be produced by a machine learning or neural network algonithm to estimate a
cardiac parameter from the measured hemodynamic and pump parameters, for example by the
neural network described in FIGS. 2 and 3, or by any avatlable machine learning process. The
madel may be stored in a controller of the blood purap (for example in memory 106 of FIG.
1}, or may be hosted in a server or processor coupled to the blood pumyp controller or another
processor which receives the measured parameters from a blood pump controller. At step 510,
the model is used to estimate a cardiac parameter for the patient in the second patient set, based
on the pump paramecter measurement and the hemodynamic parameter measurement in the
patient. The cardiac parameter may be a left ventricular volume, cardiac output, cardiac power
output, compliance, native flow, stroke volume, volume at diastole or systole, or other relevant
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cardiac parameter, or any combination of the foregoing. The cardiac parameter of the patient
is not otherwise measured so that no additional catheters or diagnostic devices need be inserted
into the patient’s vasculature. The estimated cardiac parameter can be used to mform health
decisions made by a healthcare professional, and may be displayed to the healthcare
professional, and/or used to recommend changes in support provided by the blood pump to the
healthcare professional.

{6873] FIG. 6 shows 3 method 600 for developing an estimate of a cardiac parameter in a
patient. At step 602, one or more parameters derived from operation of a medical device and a
cardiac parameter is measured in a first patient population. At step 604, a model of the cardiac
parameter is developed based on the one or more parameters derived from operation of the
medical device and the measured cardiac parameter in the first patient population. The model
may be developed through use of machine learning or neural networks, such as those described
in FIGS. 2 and 3, or by any other available machine learning process. At step 606, the model
is applied to a patient in a second patient population to estimate the cardiac parameter in the
patient. The cardiac parameter need not otherwise be determined in the patient.

{6074} At step 608, the estimated cardiac parameter of the patient is displayed, for example on
a display associated with a medical device such as a blood pump. A healthcare professional
may use the displayed estimated cardiac parameter to make healthcare decisions related to
treatment and use of the medical device.

{0075] The model can be used to provide health care professionals with a continuous or nearly
continuous estimate of a cardiac parameter while the medical device, such as a blood pump, is
in the patient, enabling the health care professional to make real-time decisions about the
patient’s care. For example, where a blood pump 1s used in the patient, the provided estimated
cardiac parameter can be used by a health care professional in decisions related to cardiac
health, weaning the patient from the pumping device support or increasing support. The cardiac
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parameter may be a left ventricular volume, cardiac output, cardiac power cutput, comphance,
native flow, stroke volume, volume at diastole or systole, or other relevant cardiac parameter,
or any combination of the foregoing. Other hemodynamic or cardiac parameters may be
extracted from the estimated cardiac parameter and provided to a health care professional as
well,

{0076} In some embodiments, a controller of the blood pumping device may use the estimated
cardiac parameter to determine a recommended course of action with regard to increased or
decreased support by the blood pumping device. In particular, the controller can deternune the
recommended course of action based on a comparison of the estimated cardiac parameter with
previous estimated cardiac parameters for the patient. In some embodiments, the controller
may make a change to the support provided by the blood pumping device based on the proposed
course of action.

{6677} FIGS. 7-9 illustrate exemplary graphs of parameters over time, comparing a model-
predicted trace and a “true” trace obtained by direct measurement. As desenibed above with
regard to the FIGS. 4-6, models of cardiac parameters can be developed using the
hemodynamic and pump or medical device data of a first patient population for use in a second
paticnt population. The model of the cardiac parameter enables the estimation of the cardiac
parameter in patients without requinng the use of additional diagnostic or sensing catheters in
the vasculature of the patient which is safer and more cfficient. Because well-developed
algorithms may also take into account additional patient data such as sex, weight, discase state,
and ouicomes, the estimated cardiac parameter may be highly accurate. Further, the additional
data taken into account in the development of the algorithm may be used to suggest treatment
protocols or changes to the use or operation of the blood punp or other medical device to
improve cardiac health of the patient based on the measured parameters and the application of
the developed model. FIGS. 7-9 iltustrate the accuracy of example models predicting cardiac
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parameters based on measured pump and hemodynamic parameters compared to the true
measured cardiac parameter.

{8078} FIGS. 7A-D shows exemplary graphs of various parameters over time during use of a
particular blood pump operating at a pump power level ("P-level”) of 4. FIG. 7A includes graph
701 showing the measured and estimated left ventricular volume at a particular pump power
level (P-level = 4). Graph 701 includes an x-axis 702 showing time in scconds, a y-axis 704
showing a volume in milliliters, a measured (“true™) trace 706 of the measured left ventricolar
volume and an estimated (“prediction”) trace 708 of the left ventricular volume as predicted by
the example model based on the aortic pressure and pump flow as shown in FIGS. 7C and 7D.
{06079} FIG. 7B shows graph 711 showing the measured and estimated stroke volume of the
pump. Graph 711 includes an x-axis 712 showing time in seconds, a yv-axis 714 showing a
stroke volume, a measured (“true”) trace 716 of the measured stroke volume and an estimated
{“prediction”) trace 718 of the stroke volume as predicted by the example model based on the
aortic pressure and pump flow as shown in FIGS. 7C and 7D. Stroke volume is related to
cardiac output.

{6080} F1G. 7C shows graph 721 showing a trace of the measured aortic pressure over time for
the pumyp, as used in the prediction of the left ventricular pressure in FIG. 7A and the stroke
volume in FIG. 7B. Graph 721 ncludes an x-axis 722 showing time in seconds, a v-axis 724
showing an aortic pressure in mmHg, and a trace of the measured aortic pressure (“AoP”).
{0081} FIG. 7D shows graph 731 showing a trace of the pump flow over time for the pump, as
ssed i the prediction of the left ventricular pressure in FIG. 7A and the stroke volume in FIG.
7B. Graph 731 includes an x-axis 732 showing time i seconds, a y-axis 734 showing a flow
rate in ml/s, and a trace of the measured flow rate. The x-axis for the four graphs m FIGS. 7A-

D 1s the same.
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{6082} FIGS.7A-D illustrate that the example model accurately predicts the metrics of left

ventricular volume and cardiac output based on the inputs of aortic pressure and tlow rate for

a pump operated at a constant pump power level.
{0083] FIGS. 8A-D shows exemplary graphs of both left ventricular volume and stroke
volume at different pump power levels. FIG. 8A mcludes graph 801 showing the measured
and estimated left ventricular volume at a particular pump power level of 2 (P-level = 2).
Graph 801 includes an x-axis 802 showing time in scconds, a v-axis 804 showing a volume in
milliliters, a measured (Mtrue”) trace 806 of the measuwred left ventricular volume and an
estimated (“prediction”) trace 808 of the left ventricular volume as predicted by the example
model for a pump operating at pump power level 2.
{0084] FIG. 8B shows graph 811 showing the measured and estimated stroke volume of the
pump at P-level = 2. Graph 811 includes an x-axis 812 showing time in seconds, a v-axis 814
showing a stroke volume, a measured {(“true”) trace 816 of the measured stroke volume and
an estimated (“prediction”) trace 818 of the stroke volume as predicted by the example model
for a pump operating at pump power level of 2.
{00851 FIG. 8C shows graph 821 showing measured and estimated left ventricular volume at
pump power level of 3 (P-level = 3}. Graph 821 includes an x-axis 422 showing time in
seconds, a v-axis 824 showing a volume in milliliters, a measured {“trae”} trace 826 of the
measured left ventricular volume and an estimated (“prediction™) trace 828 of the left
ventricular volume as predicted by the example model for a pump operating at pump power
level of 3.
{00867 FIG. 8D shows graph 831 showing the measured and estimated stroke volume of the
pump at power level of 3. Graph 831 includes an x-axis 432 showing time in scconds, a y-axis
834 showing a stroke volume, a measared (“true™) trace 836 of the measured stroke volume
and an estimated (“prediction”) trace 838 of the stroke volume as predicted by the example
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model for a pump operating at pamp power level of 3. The x-axus for the four graphs in FIGS.
8A-D is the same, and the four graphs are all based on aortic pressure and pump flow rate as
inputs to the model. FIGS. 8A-D illustrate that the example maodel is accurate at predicting the
cardiac parameter even for blood pumps operating at various power levels.

{0087 FIGS. 9A-D show exemplary graphs of both left ventricular volume and stroke volume
for irregular waveforms. FIG. 9A includes a graph 901 showing the measured and estimated
left ventricular volume during occurrence of irregular waveforms i the heart. Graph 901
shows the measured and estimated left ventricular volume. Graph 901 mcludes an x-axis 902
showing time in seconds, a v-axis 904 showing a volume in mililiters, a measured (Ytrue”)
trace 906 of the measured left ventricular volume and an estimated {“prediction™) trace 908 of
the left ventricalar volume as predicied by the example model based on irregular waveforms.
[0088] FIG. 9B shows a graph 911 showing the measured and estimated stroke volume of the
pump during occurrence of irregular waveforms in the heart. Graph 911 includes an x-axis
912 showing time i seconds, a y-axis 914 showing a stroke volume, a measured {“true”} trace
916 of the measured stroke volume and an estimated (“prediction”) trace 918 of the stroke
volume as predicted by the example model based on trregular waveforms.

{00897 FIG. 9C shows a third graph 921 showing measured and estimated left ventricular
volume, during occurrence of irregalar waveforms in the heart. FIG. 9C shows the predicted
and truc traces of the left ventricular volume during operation of a blood pump at pump power
level 8 (P-level = 8). Graph 921 includes an x-axis 922 showing time in seconds, a y-axis 924
showing a volume in milliliters, a measured (“true”) trace 926 of the measured left ventricolar
volume and an estimated (“prediction”) trace 928 of the left ventricular volume as predicted
by the example model based on irregular waveforms.

{0096] FIG. 9D shows a fourth graph 931 showing the measured and estimated stroke volume
during occurrence of irregular waveforms in the heart and duning operation of a blood pump
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at P-level 8. Graph 931 inchudes an x-axis 932 showing time in seconds, a v-axis 834 showing
a stroke volume, a measured (“true”) trace 936 of the measured stroke volumce and an
estimated {“prediction”} trace 938 of the stroke volume as predicted by the example model
based on irregular waveforms. The x-axis for the four graphs of FIGS. 9A-D is the same, and
the four graphs in FIGS. 9A-D are all based on aortic pressure and pump flow rate as inputs
to the model. FIGS. 9A-D illustrates that even for irregular waveforms, the example model is
accurate at predicting the cardiac parameter.
{00911 By creating a model relating blood pump parameters to a cardiac parameter based on
a first patient population, and applying the model to a second patient population the cardiac
parameter can be accurately estimated in the second patient population without the use of an
additional measarement catheter or other diagnostic device. Hstimating a cardiac parameter
without the use of an additional device can be more efficient and also safer for some patients,
as additional devices may take up additional space in the vasculature and/or interfere with the
operation of cardiac support devices such as a blood pump. A machine learning algorithm can
¢ used to construct a model of a measured cardiac parameter with one or more measurable
parameters of a blood pump or other medical device based on data from a large number of
patients having various characteristics. By taking into account a wide range of characteristics
in the model, an accurate model can be developed which is helpfid in predicting a cardiac
parameter of a later patient. For example, characteristics such as sex, weight, discase state,
cardiac outcomes, and diagnosis can be taken into account in the development of the model.
{8692} Various systems can be configured to carry out the steps of developing and applying
the model as descnibed above. For example, the model may be developed and/or implemented
in a controller of a blood pump. For example, one or more models derived as described above
may be stored in a memory of a controller. The controlier may include one or more processors
configured 1o drive and control a blood pump and to provide and/or receive information to a
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health care professional via a displav. The one or more processors may access a model stored
in the memory, receive blood pump parameter measurements as inputs from the blood punp,
and extract, using the blood pump parameters, an estimated cardiac parameter from the model.
The one or more processors may then display the estimated cardiac parameter as well as other
health information on a display.
[0093] The model describes the cardiac parameter in terms of measurable pump parameters
such as pump speed, flow, or pressure, and enables the details of pump function in the heart
to be mterpreted to understand the cardiac function of the heart without need for additional
diagnostic tools such as additional catheters. The pump performance and the pressure signal
measured at the blood pump can be used to estimate the cardiac output based on the model.
This allows understanding and predicting of the left ventricular volame or other cardiac
parameters of a patient based on pump parameters which are easily extracted from a blood
pump device providing cardiac support.
{8094} The foregomg is merely illustrative of the principles of the disclosure, and the
apparatuses can be practiced by other than the described implementations, which are presented
for purposes of illustration and not of imitation. & 15 to be understood that the methods
disclosed herein, while shown for use in avtomated ventricular assistance systems, may be
applied to systems to be used in other automated medical systems.
{0095] Variations and modifications will occur to those of skill in the art after reviewing this
disclosure. The disclosed features may be implemented, in any combination and
subcombination {including multiple dependent combinations and subcombinations), with one
or more other features described herein. The various features described or illustrated above,
mcluding any components thercof, may be combined or miecgrated m other systems.

Moreover, certain features may be omitied or not implemented.

31



WO 2020/150346 PCT/US2020/013672

{8096} Examples of changes, substitutions, and altcrations are ascertainable by one skilled in
the art and could be made without departing from the scope of the mformation disclosed
herein. All references cited herein are mcorporated by reference in their entirety and made

part of this application.
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What is claimed:
1. A method of estimating a cardiac parameter for a patient, the method comprising:
operating a blood pump within each patient in a first patient set, the blood pump having
at least one measurable pump parameter;
measuring for each paticut in the first patient set at least one hemodynamic parameter
and the at least one measurable pump parameter to acquire a first hemodynamic parameter
measurement and a first pump parameter measurement,
building a mode! of a cardiac parameter based on a relationship between the at feast one
first hemodynamic parameter and the at least one measurable pump parameter for the first
patient set,
operating a second blood pump in a second paticnt in a second paticnt sct; and
applying the model to the second patient by:
measuring the at least one measurable pump parameter in the second patient to
acquire a second pump parameter measurement;
measuring the at least one first hemodynamic parameter in the second patient to
acquire a second hemodynamic parameter measurement; and
cstimating a cardiac parameter for the second patient, wherein the cardiac
parameter for the second patient is output by the mode! based on the second pump parameter

measurement and the second hemodynamic parameter measurement.

2. The method of claim 1, wherein measuring at least one hemodynamic parameter

comprises measuring the aortic pressure.

3. The method of claim 1 or 2, the method further comprising determining the aortic
pressure at a pressure sensor located on the blood purmp.
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4. The method of any of claims 1-3, wherein measuring the at least one measurable pump

parameter comprises measuring pump flow.

5. The method of any of claims 1-4, the method further comprising determining an

estimated cardiac parameter based on the at least one hemodynamic parameter and at least one

measurable pump parameter for at least one time point.

6. The method of any of claims -5, the method further comprising inserting into cach

paticnt within the first paticnt set a sensing catheter separate from the blood pump.

7. The method of claim 6, the method further comprising measuring at the sensing

catheter a measured cardiac parameter.

8. The method of claim 7, the method further comprising comparing the estimated cardiac

parameter to the measured cardiac parameter.

9. The method of claim 6, wherein the sensing catheter is an inca catheter.

10. The method of any of claims 1-9, wherein the cardiac parameter is a left ventricular

volume.

11. The method of any of claims 1-9, wherein the cardiac paramecter is one of cardiac

cutput, cardiac power output, stroke volume or comphance.

34



WO 2020/150346 PCT/US2020/013672

12. The method of any of claims 1-11, the method further comprising associating the model

with patient mformation describing the first paticnt set.

13. The method of claim 12, wherein the patient information comprises a diagnosis or a

5 demographic for cach patient in the first set of patients.

14, The method of claim 13, whercin the diagnosis is one of cardiogenic shock or

myocardial infarction.

10 15. The method of claim 13, wherein the demographic is one or more of sex, gender, risk

factor, outcome, or age.

16. The method of any of claims 1-13, the method further comprising determining whether
the model applies to the second patient based on the patient information associated with the

15 model

17. The method of any of claims 1-16, the method further comprising displaying the
second pump parameter measurement and the second hemodynamic parameter measurement
for the second paticnt on a display.

20
18. The method of any of clamms 1-17, the method further comprising displaving the

estumated cardiac parameter of the second patient on the display.
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19. The method of any of claims 1-18, the method further comprising computing a
suggested change in a pump speed based on the estimated cardiac parameter in the second

patient.

20. The method of claim 19, the method further comprising implementing the suggested

change i the pump speed.

21, The method of claim 19, the method further comprising displayving the suggested

change in the pump speed on a display.

22. The method of any of claims 1-21, wherein building a model of a cardiac parameter
comprises using a ncural network to extract a model from the at least one first hemodynamic

parameter and the at least one measurable pump parameter for the first patient set.

23. The method of claim 22, wherein the neural network comprises a plurality of cells.

24. The method of claim 23, wherein a first cell of the plurality of cells comprising the
neural network accepts as mputs the at least one first hemodynamic parameter and the at least

one measurable pump parameter for the first patient set at a first time point,

25. The method of claim 24, wherein the first cell transforms the at least one first
hemodynamic parameter and the at least one measurable pump parameter based on one or more
maodel fits, before transmitting the transformed hemodynamic parameter and transformed pump

parameter to a second cell of the plurality of cells.
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26. The method of claim 25, wherein the first cell updates a hidden state and a cell state for

the first time point.

27. The method of claim 26, wherein the first cell receives the at least one first
hemodynamic parameter and the at least one measurable pump parameter for a second time

point and updates the hidden state and the cell state for the second time point.

28. The method of any of claims 22-27, wherein the neural network 15 a recurrent bi-

directional neural network.

25, The method of anvy of claims 1-28, wherein the first patient set comprises one patient.

30. A method of estimating a cardiac parameter for a patient based on a model, the method

comprising:

operating a blood pump n a patient;

measuring at least one measurable pump parameter of the blood pump in the patient to
acquire a pump parameter measurement;

measuring  at least one hemodynamic parameter in the patient fo acquire a
hemodynamic parameter measuroment;

accessing from a database a model of a relationship between the at least one measurable
pumyp parameter, the at least one hemodynamic parameter, and a cardiac parameter; and

cstimating a cardiac parameter estimate for the patient, wherein the cardiac parameter
estimate for the patient is output by the mode! based on the pump parameter measurement and

the hemodynamic parameter measurcment.
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31, The method of claim 30, wherein measuring at feast onc hemodynamic parameter

comprises measuring the aortic pressure.

5 32. The method of claim 30 or 31, the method further comprising determining the aortic

pressure at a pressure sensor located on the blood pump.

33, The method of any of claims 30-32, wherein measuring the at least one measurable
pump parameter comprises measuring pump flow.
10
34. The method of any of claims 30-33, wherein the cardiac parameter is a left ventricular

volume.

35, The method of any of claims 30-33, wheremn the cardiac parameter is one of cardiac

15 output, cardiac power output, stroke volume or compliance.

36. The method of any of claims 30-35, the method further comprising displaving the
pump parameter measurement and the hemodynamic parameter measurement for the patient
on adisplay.

20
37. The method of anv of claimg 30-36, the method further comprising displaying the

cardiac parameter estimate of the patient on the display.

38. The method of any of claims 30-38, the method firther comprising computing a
25 suggested change in a pump speed based on the cardiac parameter estimated in the patient.
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39. The method of claim 38, the method further comprising impiementing the suggested

change in the pump speed.

40. The method of claim 38, the method further comprising displaying the suggested

change in the pump specd on a display.

41. The method of any of claims 30-40, wherein accessing a model comprises determining

a selected model from a plurality of models.

42. The method of claim 41, wherein deternuning a selected model from a plurality of
madels comprises selecting a model based on information associated with the patient.
43. The method of any of ¢laims 30-42, wherein accessing a model comprises choosing a

model formed by a neural network.

44, The method of claim 43, wherein the neural network is a recurrent bi-directional neural

network.

45. The method of any of claims 30-44, further comprising deternuning a reconunended

change in the operation of the blood pump based on the estimated cardiac parameter.

46. A method for developing an cstimate of a cardiac parameter in a patient, the method

comprising:
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measunng, in a first patient popelation, one or more parameters derived from operation
of a medical device and measuring a cardiac parameter;

developing a madel of the cardiac parameter based on the one or more parameters
derived from operation of the medical device and the cardiac parameter in the first patient
population;

applving the model 1o a patient in a sccond patient population to estimate the cardiac

parameter for the patient.

47. The method of claim 46, the method further comprising:
labeling the model according to common characteristics of one or more patients in the

first patient population.

4%. The method of claim 46 or 47, the method further comprising:
determining, based on the labeling of the model, whether the model is applicable to the
patient in the second patient population by comparing characteristics of the patient in the
second paticat population with the characteristics of the one or more paticnts in the first paticnt

population.

49. The method of any of claims 46-48, wherein developing the model further comprises:
utilizing a machine learning algorithm to develop a model of the cardiac parameter
based on the one or more parameters derived from operation of the medical device and the

measured cardiac parameter i the first patient population.

50. The method of any of claims 46-49, wherein applying the model to the patient in the
second patient population further comprises:
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operating the medical device in the patient in the second patient population;

measuring, in the patient in the second patient population, the one or more parameters
derived from operation of the medical device;

inputting the measured one or more parameters derived from operation of the medical
device into the model of the cardiac parameter; and

estimating, based on the model, an estimated cardiac parameter of the patient in the

second patient population.

51. A system for estimating a cardiac parameter of a patient based on a pre-determined
model, the system comprising:
a blood pump comprising:
a drivable rotor, the rotor configured to be driven at one or more purp speeds;
and
a sensor configured to measore a hemodynamic parameter; and
a controller comprising:
a memory configured to receive a hemodvnamic parameter measurement from
the sensor and record the hemodynamic parameter measurement, the memory also storing a
pre-deternined model of a cardiac parameter based on the hemodynamic parameter and a pump
speed of the one or more pump speeds;
a driver configured to drive the rotor, the driver configured to transmit a pump
speed of the driven blood pump rotor to the memory to be recorded,;
a display configured to display one or more parameters recorded in the memory;
whercin the memory is configured to:
determine from the pre-determined model, based on the hemodynamic
parameter measurement and the pump speed. an associated cardiac parameter, and
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transmit the determined cardiac parameter o the display.

52. The system of claim 31, wherein the memory is configured to store a phurality of pre-
determined models of the cardiac parameter based on the hemodynamic parameter and the

punmp speed.

53. The system of claim 32 wherein the controller 1s configured to select one pre-
determined model from the plurality of stored pre-determined models based on at least one of

the hemodynanuc parameter and the pump speed.

54. The system of claim 32, wherein the controller is configured to select one pre-
determined model from the plurality of stored pre-determined models based on an input to the

display.

55. The system of any of claims 52-54, wherein the plurality of pre-determined models are

formed by a neural network which comprises a plurality of cells.

56. The syster of claim 55, wherein the neural network s a recurrent bi-directional neural

network.

57. The system of any of claims 31-56, wherein the memory is configured o connect

wirclessly to a databasc containing a plurality of pre-determined models of the cardiac

parameter based on the hemodynamic parameter and the pump speed.
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58. The system of claim S7, wheremn the controller is configured to select one pre-
determined model from the database and retrieve the selected one pre-determined model for

storage in the memory.

5 59 The system of claim 57 or 58, wherein the plurality of pre-determimmed models are

formed by a neural network which comprises a plurality of cells.

60. The system of claim 59, wherein the nevral network is a recurrent bi-directional nearal
network.

10
61. The system of any of claims 51-60, wherein the controller is configured to determine a

recommended change to the pump speed based on the determined cardiac parameter.

62. The system of claim 61, wherein the controller is further configured to gencrate for

[a—
¥4

display on the display the recommended change to the pump speed.
63. The system of claim 61 or 62, wherein the controller is configared to implement the

recommended change to the punp speed.

20 64. The system of any of claims 51-63, wherein the sensor is configured to measure at least

one of aortic pressure, left ventricular end diastolic pressure, and capillary wedge pressure.

65. The system of any of c¢laims 51-64, wherein the cardiac parameter is left ventricular

volume.

66. The system of any of claims 51-64, wherein the cardiac parameter is cardiac power

output.
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67. A method of estimating a cardiac parameter for a patient using a database, the method

comprising:

operating a blood pump in a first patient;

measuring at least one measurable pump parameter of the blood pump in the first patient
to acquire a pump parameter measurement;

measuring at least one hemodynamic parameter in the first patient o acquire a
hemodynamic parameter measurement;

accessing a database comprising patient data for patients other than the first patient,
wherein the patient data includes at least one of a measurable pump parameter, a hemodynamic
parameter, and a cardiac parameter; and

based on the pump parameter measurcment in the first pationt, hemodynamic parameter
measurement in the first patient, and stored patient data from the database, estimating a cardiac

parameter for the first patient.

68. The method of claim 67, wherein the cardiac parameter is cardiac power output.

69. The method of claim 67 or 68, wherein the database is a global database storing data

from paticnts having different characteristics, and different medical conditions.

70. The method of claim 69, wherein characteristics inclade age, weight, sex, or BMILL

71. The maethod of any of claims 67-70, wherein the databasc is periodically updated with

new data.
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72. A pump system having a controller configured to implement the method of any of

claims 1-30 and 67-71.

73. A memory configured to carry out the method of any of claims 1-50 and 67-71.

74. The method of any of claims 1-50 and 67-71, wherein a neural network is used to derive

the model to be applied to mput data.

75. The method of claim 74, wherein the neural network comprises a pluarality of celis
10 whach are in communication with one another and wherem the cells:

accept as inputs one or more measured parameters,

transform the one or more measured parameters based on model fits, and

transmit the transformed parameters to a neighboring cell with one or more of a hidden

state and a cell state.



