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TREE-BASED DATA EXPLORATION AND DATA-BRIVEN PROTOCOL

Cross-Reference to Related Applications

[0081] This application claims the benefit of priority under 35 U.S.C. § 119(e) from United
States Provisional Apphcation Serial No. 62/741,985 filed October 3, 2018, the contents of

which are hercby incorporated by reference n their entirety.

Backeround

{6602} Acute and chronic cardiovascular conditions reduce quality of life and life
expectancy. A varicty of treatment modalitics have been developed for treatment of the heart
i such conditions, ranging from pharmaceuticals to mechanical devices and transplantation.
Ventricular assist devices (VADs), such as heart pump systems and catheter systems, are
often used in treatment of the heart to provide hemodynamic support and facilitate recovery.
Some heart pumyp systems are percutaneously inserted into the heart and can run in parallel
with the native heart to supplement cardiac output. Such heart pump systems include the
Impella® family of devices by Abiomed, Tnc. of Danvers, MA.

{B603] At present, the choice of a treatment plan using a VAD for patients with
cardiovascular conditions is provided to a physician by a VAD controller, and is largely
based on statistics of prior success with using the VAD for treating paticnts having similar
conditions. Traditional data analvtics are able to analvze a survival rate associated with the
use of a VAD based on a single factor, ¢.g. a patient’s gender or age. With the evolation of
the types of myocardial conditions that a patient s susceptible to, treatment plans that are not
streamlined to take into account additional factors that affect a patient’s condition may

detertorate the patient’s condition through reatment of the patient using a sub-optimal VAD.
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Summary

{0604} The methods and systems described herein use a tree-based predictive model to
provide a physician with a treatment recommendation that is optimized to the patient. The
method begins by determining, using a processor, a first treatment recommendation based on
a combination of selected patient demographics obtamed from a patient data repository that
are applicable to the patient, and operational parameters of a plurality of ventricular assist
devices (VADs) suitable for treating the patient, the first treatment recommendation having a
first survival rate and comprising the use of a first VAD. The method then progresses to
obtain a first signal from the first VAD through use of the VAD to treat the patient. The first
signal is obtained from a controller in communication with the first VAD. The processor
then determines a second treatment recommendation based on the first signal and the first
treatment reconumendation, the second treatment recommendation having a second survival
rate. The processor then determines if the second survival rate is higher than the first survival
rate, and, 1f so, provides the second trcatment recommendation to the physician.

{8603} In some implementations, the method further compnises informing the physician fo
continue using the first VAD to treat the patient it the second survival rate is ot higher than
the first survival rate. Thus if the processor determines that the second survival rate is equal
to or lower than the first, the treatment of the patient using the first VAD is continued. In
certain implementations, cach VAD compriscs at least one sensor for providing the first
signal to the controller. The sensor may be any mput transducer that is configured to convert
patient data into electrical signals. In some implementation, the first signal comprises
information that relates to the patient’s vitals, such as, at least one of. Mean Artenal Pressure
(MAP), Left Ventncular Pressure (LVP), Left Ventricular End-Dhastolic Pressure (LVEDP),
Pulmonary Arterial Wedge Pressure (PAWP), Pulmonary Capillary Wedge Pressure

(PCWP}, Pulmonary Artery Occlusion Pressure (PAOP), for example.
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{6006} In certain implementations, if the second survival rate is determined to be higher
than the first survival rate, the method further comprises treating the patient with the second
treatment recommendation. The second treatment recommendation may comprise the use of
at least one of the following for treating the patient: the first VAD, asccond VAD, and no
VAD. In some implementations, the second treatment recommendation may build upon the
first treatment recommendation in that an additional VAD to use with the first VAD may be
recommended. In certain implementations, the VAD comprises at least one oft an Impella®
purap, an Extracorporeal Membrane Oxygenation (ECMGO) purap, a balloon pump, and a
Swan-Ganz catheter. The Impella® pump comprises any one of: Impella 2.5® pump, an
Impella 5.0® pump, an Impella CP® pump, an Impella RP®R pump and an Impella LD®
pump. The aforementioned methods are used to for treating a patient in cardiogenic shock.
{0007} In some implementations, the first treatment recommendation is determined by a
prediction model executed by the processor. In certain implementations, the prediction
model is based on a machine leaming algorithm comprising any one of. a bagging and
random forest algorithm, a logistic regression algorithm, a classification decision tree
algorithm, a deep learning algorithm, a naive Bayes algorithm, and a support vector machines
algorithm. In some implementations, the prediction model uses patient demographics that are
applicable to the patient in 1ts calculations. Such demographics include gender, age, region,
duration of support, indication for use and insertion site. By using demographics that are
patient specific, the resulting treatment recommendation provided to the patient is better
suited to cach patient, thus improving treatment efficacy.

{0008] Tn certain implementations, the processor may display the survival rate for cach
available VAD; and identityving the VAD with the highest survival rate. Additionally, the
processor may display the combination of the selected patient demographics used for

determining the survival rate using a branched-tree representation. Such feature combination
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trees provide the physician with a visualization of the featares that have an inflaence on the
recommended VAD (and associated survival rate) for treating the patient. In relation to the
present disclosure, the survival rate comprises a probability of survival of a patient belonging
to the combination of selected patient demographics when treated with a VAD.

{6009} In some implementations, the patient data reposttory comprises a Acute Myocardial
Infarction Cardiogenic Shock (AMICS) database or a High-Risk Percutancous Coronary
Interventions (High-Risk PCI) database.

{8618} According to a second embodiment of the present disclosure, the methods and
systems obtain data from a patient repository in which the data stored in the repository
according to patient demographics. The method uses a processor to obtain data from the
patient repository. The processor then determines at least one ventricular assist device
{(VAD) suitable for treating patient. The processor then determined, using a prediction
model, a survival rate for cach suitable VAD based on data from the patient data repository
for a combination of selected patient demographics applicable to the patient. The processor
then provides to a controller a recommended first VAD associated with the highest survival
rate. The physician then uses the reconumended first VAD to treat the patient.

{8611} In some umplementations, the method further provides the physician with the
survival rate for each suitable VAD for all combinations of the selected patient demographics
applicable to the patient. In certain implementations, the processor also provides the
physician with a survival rate for not using a VAD for each combination of the selected
patient demographics applicable to the patient. In certain implementations, the first VAD
may comprise at least one of: an Impella® pump, an Extracorporeal Membrane Oxygenation
(ECMO) pump, a balloon pump, and a Swan-Ganz catheter. The Impella® pump may
comprise any one of: Impella 2.5® pump, an Impella 5. 0® pump, an Impella CP® pump, an

Impelia RP® pump and an Impella LD® pump. The patient demographics may comprise:
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age, gender, region, year of implantation, sapport device, duration of support, msertion site
and cjection fraction.

{0612} 1o some implementations, the prediction model uses a machine learning algorithm to
determine the survival rate. The machine leaming algorithm may comprise any one of: a
bagging and random forest algorithm, a logistic regression algorithm, a classification decision
tree algorithm, a deep leaming algorithm, a naive Bayes algorithm, and a support vector
machines algorithm In certain implementations, the combination of the selected patient
demographics follows a tree-model. The tree-model may have an order of any one of; two,
three, four, five and six.

{0013} In some implementations, the method may further comprise displaying the survival
rate for each avatlable VAD, and identifving the VAD with the highest survival rate. In
certain implementations, the method may further comprise displaying the combination of the
selected patient demographics used for determining the survival rate using a branched-tree
representation. The survival rate may comprise a probability of survival of a patient
belonging to the combination of selected patient demographics when treated with a VAD. In
some implementations, the patient data repository may comprise a Acute Myocardial
infarction Cardiogenic Shock (AMICS) database or a High-Risk Percutancous Coronary
Interventions {High-Risk PCI) database.

{0014} According to a third embodiment of the present disclosure, there is provided a
system for providing a treatment recommendation to a physician for treating a patient. The
system comprises at least one ventricolar assist device (VAD) comprising a sensor. The
system further comprise a processor in communication with the VAD, the processor
configured to be in commumnication with an Acute Myocardial Infarction Cardiogenic Shock
{AMICS) repository or a High-Risk Pereutancous Coronary Interventions (High-Risk PCI)

repository. Further, the system comprises a controller in communication with the VAD and
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the processor, the controller being configared to perform a method according to any of the
aforementioncd embodiments.

{0015} According to a fourth embodiment of the present disclosure, there is provided a
system for providing a treatment recommendation to a physician for treating a patient. The
systern comprises a processor and a controller configured to perform a method according to
any of the aforementioned embodiments,

{0816] According to a fifth embodiment of the present disclosure, there is provided a
computer program comprising computer executable instructions, which, when executed by a
computing apparatus comprising a processor and a controller, causes the computing apparatus
to perform a method according to any of the aforementioned embodiments.

[8017] According to a sixth embodiment of the present disclosure, there i provided a non-
transitory computer-readable storage medium having stored thercon computer-readable code
which, when exccuted by a computing apparatus comprising a processor and a controller,
capses the computing apparatus to perform a method according to any of the aforementioned

embodiments.

Brief Description of the Drawings

{0018] The foregoing and other objects and advantages will be apparent upon consideration
of the tollowing detailed description, taken in conjunction with the accompanying drawings,
i which like reference characters refer to like parts throughout, and in which:

{8619} FIG. 1 shows an dlustrative system according to an embodiment of the present
disclosure;

{66201  FIG. 2 shows an illustrative flowchart of a method for providing a treatment
recommendation to a physician for treating a patient according to an embodiment of the

present disclosure;
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{8621} FIGS. 3A-3C show illustrative tree-diagrams with patient demographie factors that
contribute to the survival rate for use of a VAD on a patient;

[0022] FIG. 4A illustrates precision of the prediction model based on the order/depth of the
tree diagram of the method of the present disclosure;

{0023} FIG. 4B llustrates output of the prediction model with an optimized tree depth; and
{0024} FIG. 5 shows an illustrative flowchart of a method for providing a second treatment
recommendation to a physician for treating a patient according to a further embodiment of the

present disclosure.

Detailed Description

{8025 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 described for use in connection with survival rates for
veniricular assist devices, it will be understood that all the components and other features
outlined below may be combined with one another in any suifable manner and mayv be
adapted and applied to other types of medical therapy having survival rates associated
therewtith.

{0026] The systems and methods described herein use predictive modeling to determine an
optimal treatment recommendations for a patient in cardiogenic shock. Treatment
recommendations may comprise the use of a single ventricular assist device (VAD)ora
plurality of VADs, in combination with cach other. The predictive model pulls in data and
statistics from archived ventricular assist procedures performed in the past. Such patient data
may be stored in a patient data repository such as an Acute Myocardial fofarction
Cardiogenic Shock (AMICS) database or a High-Risk Percutaneous Coronary Interventions

(High-Risk PCI) database, for example. The systems and methods use machine leaming
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algorithms to predict survival rates when treating a patient with a VAD. To further customize
the predictive model, patient demographics and operational parameters of the VAD are also
included in the model using a selected tree-based combination of features. Here physicians
are able to combine any number of patient demographics and/or device features to obtain a
treatment recommendation with a realistic survival rate,

{0027} Additionally, real time paticnt data from use of a VAD on the patient may also be fed
into the prediction model to further optimize the treatment recommendation. Such real time
patient data may include, but is not limited to, Mean Arterial Pressure (MAP), Left
Ventricular Pressure (LVP), Left Ventricular End-Dhastolic Pressure (LVEDP), Pulmonary
Artertal Wedge Pressure (PAWE), Pulmonary Capillary Wedge Pressure (PCWP), and
Pulmonary Artery Oeclusion Pressore (PAOP). VADSs may comprise, but are not limited to,
an Inmpella®™ pump, an Extracorporeal Membrane Oxvgenation (ECMO) pump, a balloon
pump, and a Swan-Ganz catheter. The Impella® pump may comprise an Impella 2.3% pump,
an Irmpelia 5.0° pump, an Impella CP® pump and an Impella LD® pump, all of which are by
Abiomed, Inc. of Danvers, MA.

{6628} FIG. 1 shows a block diagram of a system 100 for providing a first treatment
recommendation 110 to a physician for treating a patient 120, The first treatment
recommendation 110 comprises an indication to a physician as to the most appropriate VAD
to use in view of the condition of the patient 120. VADs may comprise, but are not limited
to, an Impelia® pump, an Extracorporeal Membrane Oxygenation {(ECMO) pump, a balloon
pump, and a Swan-Ganz catheter. The Impella® pump may comprise an Impella 2.3% pump,
an Impella 5.0% pump, an Impella CP® pump, an Impelia RPY pump and an Impella LD®
pump, all of which are by Abiomed, Inc. of Danvers, MA. The first treatment
recommendation 110 is determined using a prediction model based on selected demographics

applicable to the patient 120 and the operational parameters of all VADs suitable for the
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patient’s condition. Here the survival rates of all VADs are then determined based on the
selected demographics of the patient 120 and the operational paramcters of the VADs. The
Y AD associated with the highest survival rate is then recommended to the physician. The
indication may be by way of a display of the computing unit 130. In relation to FIG. 1, the
first recommendation 110 comprises an indication to the physician to use a first VAD, having
a first survival rate (SR1), for treating patient 120

{0029] The system 100 also comprises a compding apparatus 130, such as a laptop, for
example, in communication with a patient data repository 140, For the sake of brevitvonly a
processor 135 of computing apparatus 130 1s shown in FIG. | However it will be understood
that computing apparatus 130 also comprises other components typically associated with a
computing apparatus, such as, for example, a volatile memory {e.g. a random access memory
RAM), a non-volatile memory (e.g. a read only memorv ROM), a display, and comnection
busses that enable communication between these components, all of which are included in the
present disclosure.

{8036} The computing apparatus 130 comprises a processor 135 that is able to perform
opcrations on data using the prediction model. The computing apparatus 130 5 in
communication with a patient data repository 140 comprising paticnt data obtained from
various medical institutions. According to certain embodiments of the present disclosare,
patient data repository 140 may comprise an Acute Myocardial Infarction Cardingenic Shock
{AMICS) database or a High-Risk PCY database compiled and maintained by a CRM such as
Salesforce.com, Inc. The patient data repository 140 stores data from treatment of acute
myocardial infarction (AMI) patients, lugh-risk PCI patients, and patients in cardiogenic
shock, for example. Patient data includes patient demographics such as, for example, gender,
age and region. Patient data also includes data from previous treatments such as, for

example, duration of support, indication for use, insertion site, treatment device, and ejection
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fraction. Exemplary AMICS data is shown in Table 1. In some instances, the patient data
repository 140 also comprises a database 145 of available VADs and their associated
operation parameiers.

[0831] Processor 135 of processing unit 130 is also in communication with a controller 150
which controls the operation of any VAD used to treat the patient 120, Each VAD comprises
a sensor that collects data from the patient while the VAD is in use, and transmits this data as
signals (such as SIG1 in FIG. 1} to the controller 150. Such data may include, but is not
fimted to, Mean Arterial Pressure (MAP), Left Ventricular Pressure (LVP), Left Ventricular
End-Diastolic Pressure (LVEDP), Pulmonary Arterial Wedge Pressure (PAWP), Pulmonary
Capillary Wedge Pressure (PCWP), and Pulmonary Artery Occlusion Pressure (PAOP). The
first VAD of the first treatment recommendation 110 1s connected to the controller 150, and
transmits a first signal (SIG1) to the controller 150, In some embodiments, controller 150
comprises an Automatic Impella® Controller (AIC) by Abiomed, Inc. of Danvers, MA.
Controller 150 may be housed in a servicing hub 160 that may comprise other components o
ensure that the respective VADs connected thereto are in operational order. In certain
embodiments, the processor 130, the processing unit 135, the controller 150 and the servicing
hub 160 mav be housed in a work station 170. The work station 170 may further comprise a

display (not shown) to indicate a treatment recommendation to the physician.
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Table 1 Exemplary AMICS data

{8632} According to certain embodiments of the present disclosure, the controller 150 may
additionallv provide the physician with an indication of a second treatment recommendation
after the phyvsician uses the fust VAD to treat the patient 120, Here, the transmitted first
signal SIG1 from the first VAD is received by the controller 150, The controller 150 then
determines a second treatment recommendation comprising the use of at least a second VAD
using a comparison model based on SIG1, the operational parameters of the first VAD, and
the operational parameters of all switable VADs in the database 145, The survival rates of all
suitable VADs is also determined and the VAD with the highest survival rates is selected as
the second VAD. A second survival rate (SR2) of the second VAD is also determined by the
controller 150 from the AMICS database 140

{033} The controller 150 then comparcs the first survival rate SR1 with that of the second
survival rate SR2. Ifthe second survival rate SR2 1s higher than the first survival rate SR1,
.. SRZ > SR, the second recommendation is provided to the physician, via the display on

i1
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the workstation 170. The second recommendation may comprise an indication to the
physician to use the second VAD in place of the first VAD to treat the patient 120, The
second recommendation may also comprise an indication to the physician to use a
combination of VADs selected from the database 145. The VADs used in the combination
may comprise YADs other than the first VAD, or at least one second VAD 1n addition to the
first VAD. Further, the second recommendation may comprise the use of no VAD atall, 1.¢.
the second recommendation may be an indication to the physician to stop treating the patient
with any VAD. If the second survival rate SR2 is not higher than the first survival rate SR1,
t.e. SR2 <S8RI, the controller 150 indicates to the physician that no change to the first
treatment recommendation should be made.

{3034} FIG. 2 shows a flowchart of a method 200 of providing a first treatment
recommendation to a physician for treating a patient in cardiogenic shock according to an
embodiment of the present disclosure. The method 200 s based on the features of the system
100 as described in the foregoing in relation to FIG. 1. The method begins at step 210 in
which a processor 135 of a computing unit 130 accesses a patient data repository 140. In
some embodiments, the repository 140 may comprise an AMICS or High-Risk PCT database
which includes a VAD database 145. The processor 135 then determines, n step 220, VADs
suttable for treating the patient. Such suitability may be based on clinical mdications of the
patient, and the operational paramecters of the VAD obtained from the patient data repository
140. The processor 135 therefore determines a shortlist of suitable VADs from the patient
data repository 140 for treating the patient in step 220,

{8035] In step 230 of the method, the processor 135 uses a prediction model to determine a
survival rate for cach VAD in the shortlist from step 220. The prediction model is based ona
machine learning algorithm, which, in tum includes, but 1s not limited to, a bagging and

random forest algorithm, a logistic regression algorithm, a classification decision tree
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algorithm, a deep learning algorithm, a naive Bayes algonthm and a sapport vector machines
algorithm, the details of which arc omitted from this disclosure for brevity.

{0036] For example, the logistic regression algorithm is based on an equation used to
represent the predictive model with coefficients leamed from training data. A representation
of the model may be stored in a memory of the computing unit 130 as a series of the
coctficients, cach corresponding to a weight indicative of a relative importance of a particular
feature (e.g. a particular patient demographic), and can be used to calculate a probability,
which 1s then translated as the survival rate of a patient. The probability may be calculated as
(1+exp{-x}y!, wherein x is equal to a*Feature_o + f*Feature_f + y*Feature v+ ... for any
number of features (Feature g, Feature B, Feature v) and associated coefficients (o, B, v).
{8037}  In another example, the decision tree algorithm ases a decision tree as a predictive
madel to go from observations about an item to conclusions about the itom’s target valuc.
Tree depth may be a hyper-parameter in decision tree learning. A hyper-parameter is a value
that cannot be estimated from data used in the model. Hyper-parameters are often used to
help estimate model parameters and can be tuned for a given predictive modeling problem.
Precision may be used as a performance metric of a predictive model. By determining the
maximur precision of the decision tree through tuning hyper-parameters such as tree depth,
the system can provide an optimized machine learning model, and therefore better provide a
prediction (such as the survival rate). Receiver Operating Characteristic (ROC) and Arca
Under Curve (AUC) may also be used as metrics to compare prediction algorithms.

{8638] In step 240 of the method, the processor 135 compares the sarvival rate obtained for
cach VAD and determines the VAD with the highest survival rate. In step 250, the processor
135 provides a first treatraent recommendation to the physician, via an indication on the
display connected to the processor, to use the VAD with the highest survival rate for treating

the patient.
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The proviston of the first treatment recommendation in the method 200 of FIG. 2 customizes
the first treatment recommendation to the needs of the patient using the tree-based data driven
protocol as described in the foregoing. By fine customizing the treatment to the patient’s
demographics, the most effective treatment plan (based on historical analysis of data in data
repository 140, for example) with the best survival rate is provided to the patient, thereby
ensuring ctfective treatment of paticots in cardiogenic shock.

{06839] FIG. 3A illustrates a patient demographic/feature combination tree according to an
embodiment of the present disclosure. The tree 300 illustrates how various types of features
and treatments can be combined to determine the treatment with the highest predicted
survival rate. The features are determined from the attributes of the data 310 stored in the
data repository 140, As scen from Table 1, the data stored in the repository 140 may have
various attributes such as gender, age, ejection fraction, type of catheter used {¢.g. Swan-
Ganz), and type of pump used (e.g. ECMO). The attributes of the data that relate to the
demographics of the patient are used in the combination tree 300 as status layver features, such
as features 322-325. Status laver features are features that relate to the patient and cannot be
changed, i.c. the status layer features do not have adjustable values. Examples of status layer
features mchude, but are not limited to, gender, age and ¢jection fraction. The repository 140
also stores data that relates to the type of VADs available. The features of such VADs are
used in the combination tree 300 as protocol layer features, such as features 326-327.
Protocol laver features are physician selectable options of the VAD that are facilitate
controlled operation of the VAD. The protocol layer features have values associated with
them that can be specified by the physician. Examples of protocol layer featwres include, but
are not limited to, rotor speed and flow rate.

{80408} The selected status layer features and selected protocol layer features pull patient

data 310 from the data repository 140, such that said pulled data can be used in a prediction

14



WO 2020/072999 PCT/US2019/054863

model to determine and provide the physician with predicted survival rates 328-329 for cach
respective combination of selected features 322-327. The predicted survival rates 328-329
are provided in a prediction layer in tree 300. In some embodiments, the prediction model
may identify the combimation of features 322-327 that gives the highest predicted survival
rate. The combination of features 322-327 that relate to the highest predicted survival rate
are provided to the physician as a treatment reconunendation. The treatment
recommendation may be provided to the physician on a monitor. The combination of
features that make up the treatment recommendation may be presented to the physician in a
feature combination tree, such as tree 310 in FIG. 3A.

[0041] It will be understood that cardiac assist technologies develop over time. Further,
mereased exposure and use of VADs by physicians improve their impact on a patient’s
condition {¢.g. once a physician is better trained at using a VAD, the cffect the use of the
VAD has on a patient with a particular condition would be seen in the patient data — for
example the ejection fraction for a particular VAD may mcrease). According to an
embodiment of the present disclosure, in order to cater to such factors, the prediction model
may specify a date range when pulling patient data 310 from the data repository 140, In such
situations, the prediction model effectively weighs the data and only uses patient data 310
from the repository 140 that falls within the specified date range. While such data weightage
is exemplitied in the forgoing by way of a date range, other factors may be considered when
weighing the pulled data 310

{8042} FIG. 3B illustrates an exemplary featire combination tree 360 of vartous tvpes of
patient demographic data used in the predictive model according to an embodiment of the
present disclosure. As previously described, the patient demographic data is stored in the
patient data repository 140 and may compnse, for example, gender, age and region. Tree 360

Hlustrates the combination of the patient’s gender 362 and age 363, 364, These combinations
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are for the use of a specific type of VAD (e.g. Impelia® 2.5 pump, for example). Based on
data extracted from the patient data repository 140, feature 362 has values ‘male’ and
‘female’, and features 363, 364 have vahies “50-39 and "60-69°. Thus based on the tree-
based data combination llustrated in FIG. 3B, using the data in the patient data repository
140 for the selected patient demographic data, and a machine leaming algorithm (as detailed
above), the survival rates 365-368 for cach combination of the tree 360 is as illustrated in
FIG. 3B. FIG. 3B shows that male patients in the age range of 60-69, in which a particalar
VAD has been implanted {e.g. an Impelia® 2.5 purp), have the highest survival rate of

84.86%. The data used for determining the survival rate in FIG. 3B is based on 1,071 +

23

1,697 + 1,307 + 2,317 = 6,392 records in the patient data repository 140 which have features

i

362-364. The example in FIG. 3B illustrates the influence of the combination of features of
patient data on the survival rate as determined by the prediction model.

{60643} A further example of the tree-based data-driven method of the present disclosure is
iHlustrated in the feature combination tree 370 shown in FIG. 3C. Tree 370 illustrates the
combination of three types of patient data: gender 372, ejection fraction 374, and the
availability of bemodynamic monttoring 376. The availability of hemodynamic monitoring is
dependent on the type of VAD used. For example Swan-Ganz catheters are known to have
pressure sensors available that facilitate such hemodynamic momtoring. The selected patient
demographics for the combination m FIG. 3C are: male, cjection fraction of less than 30%,
and hemodynamic moniioring. Based on the tree-based data combination iilustrated in FIG.
3C, using the data in the patient data repository 140 for the selected patient demographic
data, and a prediction model (as detailed above), the survival rates 378-379 for this specific
combination of paticnt demographics is as dlustrated m FIG. 3C. The highest survival rate is
58.439% for the vse of VAD¥s capable of hemodynamic monitoring on male patients with an

ejection fraction of less than 30%. The treatment recommendation to the physician is
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thercfore: use a VAD capable of hemodynamic monitoring (e.g. a Swan-Ganz catheter} for
male patients with for an ejection fraction of less than 30%. For completeness, branch 378 in
the tree 370 indicates the survival rate for using a VAD that is not capable of hemodynamic
monitoring on a male patient for an ejection fraction of less than 30%. The data used for
determining the survival rate in FIG. 3C is based on 584 + 421 = 1,005 records mn the patient
data repository 140 which bave features 372, 374 and 376. A graphical representation of
feature combination trees 360 and 370 may also be displayed to the physician alongside the
first and/or second treatment recommendation, on a monttor, for example.

{0044} FI1G. 4A dlustrates a data plot 400 for precision optimization of the prediction model
using a decision tree algorithm. As previously described, the decision tree algorithm may vse
a hyper-parameter as the tree depth. By determining the maximum precision of the decision
tree algorithm through tuning hvper-parameters such as tree depth, the system can provide an
optimized machine leaming model, and therefore better provide a prediction {such as the
survival rate). As shown in FIG. 4A, when we change the hyvper-parameter (tree depth) to a
large value, the decision tree algorithm is able to capture all the noise of the training data.
This results in a high training score, as can be seen by the line plot 410 in FIG. 4A. However
at such large tree depths, the model overfits the data and is not generalized enough. Asa
consequence, the cross-validation score deteriorates, as can be seen by the line plot 420 in
FIG. 4A. For the decision tree algorithin, if the tree 1s too shallow, e.g. a tree depth of 2 o1 3,
the prediction model is too simple and is unable to make any prediction that are correct, as
shown in FIG. 4A where both the training and cross-validation scores are low. Thus the
optimal tree depth for the decision tree algorithm 1s one which maxinuzes the cross-
validation score and the training score. This occurs at the peak of the cross-validation curve

(point 430}, at a tree depth of 6 as shown 1n FIG. 4A.
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{8043} In machine learning, a false positive 1s a machine indicated result which incorrectly
mdicates that a condition or attribute is prosent. Similarly a false negative is one m which the
machine indicated result incorrectly identifies that a condition or attribute is absent. ldeally
the prediction model should predict a survival rate for a VAD that matches up with the real
survival rate when using the VAD on a patient. However, as with most machine leaming,
there s no perfect model in real life and so when evaluating machine leaming models, one
trades off false positive with false negative, and vice versa. The RO curve for a tree depth
of 6 1s shown in FIG. 4B. The ROC curve 450 scans through false positive rate from O to
100% and checks what is the true positive rate given by the model. The line plot 460 1s the
ideal with an arca under curve AUC of 100%, while the line plot 470 is based on a random
model with an AUC of 50%. Any reasonable prediction model should stay in between line
plot 460 and line plot 470. For the decision tree algorithm discussed above in relation for
FIG. 4A, the true posttive rate is shown by line plot 480 and the AUC is 87 4% showing a
good predictive power of the prediction model when using a decision tree algorithm. For
clanty, the decision tree algorithm is one of many machine leaming algorithms that can be
used as the prediction model according to the present disclosure. The feature combination
trees in FEGS. 3B and 3C are separate from the prediction model and provides the physician
with an tHustration of how selected features and/or patient demographics are combined in the
decision model.

{0046] FIG. 5 shows a flowchart of a method 300 of providing a second treatment
recommendation to a phvsician for treating a patient in cardiogenic shock according to a
further embodiment of the present disclosure. The method 500 is based on the features of the
system $00 as described in the foregoing in relation to FIG. 1. The method 500 works off
step 250 of method 200 m FIG. 2 in which the physician is provided with a first treatment

reconunendation comprising the use of a first VAD having a first survival rate (SR1).
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Method 500 begins at step 510 in which the first treatment recommendation i3 determined by
the processor 135, As previousky mentioned n relation to FIG. 2, the processor 135 accesses
the patient data repository 140 and determines YV ADs suitable for treating the patient. Such
suitability may be based on clinical indications of the patient, and the operational parameters
of the VAD obtained from patient data repository 140, for example. The processor 135
deteruines a first shortlist of suitable VADs from the patient data repository 140 for treating
the patient and uses a prediction model to determine a survival rate for cach VAD 1in the first
shortlist. As previously mentioned, the prediction model is based on a machine learning
algorithm, which, in tum mchudes, but is not limited to, a bagging and random forest
algorithm, a logistic regression algorithm, a classification tree algorithm, a deep learning
algorithm, a naive Bayes algonithm and a support vector machines algorithm. The VAD with
the highest survival rate is used for the first treatment recommendation, termed the first VAD
having a first survival rate (SR1).

{8847} The physician 1s informed of the first treatment recommendation via a display wnit
connected to the processor 135, and uses the first VAD to treat the patient (step 520). The
feature combination tree {e.g. tree 300 and 350) mayv also be displayed. Each VAD
comprises a sensor that collects data from the patient while the VAD is in use {step 530), and
transmits this data as signals {(SIG1) to the controller 150 and the processor 135, In some
embodiments of the present disclosure, the collection of patient data or patient vitals, termed
a patient vitals check, is done at predetermined intervals of time during the period in which
the patient is being treated with the first VAD. As previously mentioned, such data may
include, but 1s not limited to, Mean Arterial Pressure (MAP), Left Ventricular Pressure
(LVP), Left Ventricular End-Drastolic Pressure (LVEDP), Pulmonary Arterial Wedge
Pressure (PAWP), Pulmonary Capillary Wedge Pressure (PCWP), and Pulmonary Artery

Occlusion Pressure (PAOP).
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{6048} In step S40, the processor 135 determines a second shortlist of VADs from the
paticnt data repository 140 that are suitable i treating the patient based on the patient data
contained in SIGL. As will be appreciated, as the patient is treated with the first VAD, the
patient’s vitals may change and thercfore the patient data in SIG1 may be different to the
chinical indications of the patient used in determining the first treatment recommendation.
Thus the VADs in the second shortlist may be different to those in the first shortlist. As with
the VADs in the first shortlist, the processor 135 uses a prediction model to determine a
survival rate for each VAD in the second shortlist. The prediction model is based on a
machine learning algorithr, which may include but is not limited to, a bagging and random
forest algorithm, a logistic regression algorithm, a classification and regression troe
algorithm, a decp learning algorithm, a decision tree algorithm, a naive Bayes algorithm, a
support vector machines algorithm and a vector quantization algorithm.

{6049} The VAD with the highest survival rate, termed the second VAD, is determined
{step 540) and the processor 135 compares its survival rate (SR2) to that of the first VAD
(§R1}, n step 550, If SR2 > SR, the second VAD is used n a second treatment
recommendation to the physician (step 560). The physician is informed of the second
treatment recommendation via a display unit connected to the processor 135, If SRZ <SR1,
the second treatment recommendation is not provided to the physician, and, mstead, an
mdication is made to the physician (via the monttor) to continue using the first treatment
recommendation and continue treating the patient with the first VAD, step 520, until the next
patient vitals check. After the second treatment recommendation is provided to the
physician, the method 500 may continue to perform patient vitals checks to further refine the
treatment process, as shown m FIG. 3.

{80638} The provision of the second treatment recommendation in the method 500 of FIG. §

further customizes the first treatment recommendation to the progress of the patient
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sndergoing said treatment using the tree-based data driven protocol as described in the
foregoing. Such further customization ensures that the treatment recommendation with the
highest survival rate is provided to the physician for the further treatment of patient. By fine
turning the treatment to the progress of the patient, the treatment of patients in cardiogenic
shock will be more effective.

{0051} In certain embodiments, feature combination trees are also displayed on a monitor
attached to the processor runmng the decision model. These feature combination trees are
similar to those depicted in FIGS. 3B and 3C. Such feature combination trees provide the
physician with a visualization of the featurcs that have an influence on the recommended
VAD for treating the patient.

[B0632]  In certain embodiments, the second treatment recommendation may comprise the
usc of a single second VAD or a plurality of second VADs, in combination with cach other.
For example, the first treatment recommendation may comprise the use of a balloon pump
while the second treatment recommendation may comprise the use of an ECMO pump in
combination with a Swan-Ganz catheter. Ags a further example, the first treatment
recommendation may comprise the use of an Impella 2.5 pump while the sccond treatment
recommendation may comprise the continued use of the Impella 2.5% pump in combination
with a balloon pump. In such situations, the second shorthist will generate two VADs
associated with the highest survival rates. In certain embodiments of the present disclosure,
the processor can be configured to ascertain the top n VADs with the higher survival rate,
where n > 1. The survival rates of these n VADs are then compared to that of the first VAD
in step 550 of method 500 in FIG. 5. According to some embodiments of the present
disclosure, the second treatment recornmendation may be to stop the use of any VAD, asin
the ‘No” option 391 in FIG. 3, whereby the ‘No VAD’ option for a first VAD gives the

highest survival rate.
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{80653} In relation to the present disclosure, a computer-readable medium may comprise a
computer-readable storage medivm that may be any tangible media or means that can contain
or store the instructions for use by or in connection with an instruction execution system,
apparatus, or device, such as a computer as defined previously, for performing any of the
methods described herewith.

[0054] According to various embodiments of the present disclosure, a computer program
may be implemented in a computer program product comprising a tangible computer-
readable medium bearing computer program code embodied therein which can be used with
the processor for the tmplementation of the functions or methods described above.

{0055]  Reference to “computer-readable storage medium”, “computer program product”,
“tangibly embodied computer program” etc., or a “processor” or “processing circuit” ete.
should be understood to encompass not only computers having differing architectures such as
single/multi-processor architectures and sequencers/parallel architectures, but also specialized
circuits such as field programmable gate arrays FPGA, application specify circuits ASIC,
signal processing devices and other devices. References to computer program, instructions,
code etc. should be understoond to express software for a programmable processor firmware
such as the programmable content of a hardware device as mstructions for a processor or
configured or configuration settings for a fixed function device, gate array, programmable
logic device, etc.

{0056] By way of cxample, and not limitation, such “computer-readable storage medium”
may mean a non-transitory computer-readable storage medivm which may comprise RAM,
ROM, EEPROM, CD-ROM or other optical disk storage, magnetic disk storage, or other
magnetic storage devices, flash memory, or any other medium that can be used to store
desired program code in the form of instructions or data structures and that can be accessed

by a computer. Also, any connection is properly termed a “computer-readable medium™. For
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example, if mstructions are transmiticd from a website, server, or other remote source using a
coaxial cable, fiber optic cable, twisted pair, digital subscriber ine (DSL), or wireless
technologies such as infrared, radio, and microwave, then the coaxial cable, fiber optic cable,
twisted pair, DSL, or wireless technologies such as infrared, radio, and microwave are
meluded in the definition of medium. It should be understood, however, that “computer-
readable storage medium” and data storage media do not include connections, carrier waves,
signals, or other transient media, but are instead directed to non-transient, tangible storage
media. Disk and dise, as used herein, mclude compact disc (CD), laser disc, optical dise,
digital versatile disc (DVD), floppy disk and Blu-ray disc, where disks usually reproduce data
magnetically, while discs reproduce data optically with lasers. Combinations of the above
should alse be included within the scope of “computer-readable mediam”™.

{0037} Instructions may be executed by one or more processors, such as one or more digital
signal processors (D5Ps), general purpose microprocessors, application specific integrated
circuits {ASICs), field programmable logic arrays (FPGAs), or other equivalent integrated or
discrete logic circuitry. Accordingly, the term “processor,” as used herein may refer to any of
the foregoing structure or any other structure suitable tor tuplementation of the techniques
described herein. i addition, in some aspects, the functionality described herein may be
provided within dedicated hardware and/or software modules. Also, the techniques could be
fully implemented i one or more circuits or logic elements.

{0058] If desired, the different steps discussed herein may be performed in a different order
and/or concurrently with cach other. Farthermore, if desired, one or more of the above
described steps may be optional or may be combined.

{66591  The forcgoing is merely Hlustrative of the principles of the disclosure, and the
apparatuses can be practiced by other than the described mmplementations, which are

presented for purposes of iflustration and not of limitation. 1t is to be understood that the
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methods disclosed herein, while shown for use in automated ventricular assistance systems,
may be applied to systems to be used in other antomated medical systems.

{0060}  Variations and modifications will oocur to those of skill in the art after reviewing
this disclosare. The disclosed features may be implemented, i 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,
imcluding any components thereof, may be combined or mtegrated in other systems.
Moreover, certain features may be omitted or not implemented.

{6661} Examples of changes, substitutions, and alterations are ascertainable by one skilled
in the art and could be made withowt departing from the scope of the information disclosed
herein. All references cited herein are incorporated by reference n their entirety and made

part of this application.
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CLAIMS

1. A method for providing a treatment recommendation to a physician for treating a
patient, the method comprising:

determining, from a processor in communication with a patient data repository, a first
treatment recomumendation based on a combination of selected patient demographics from the
patient data repository applicable to the patient and operational parameters of a plurality of
ventricular assist devices (VADs) suitable for treating the patient, the first treatment
recommendation having a first survival rate and comprising the usc of a first VAD;

using the first VAD to treat the patient;

obtaining, from a controller, a first signal;

=2

determining, by the processor, a second treatment recommendation based on the first

signal and the first treatment recommendation, the second treatment recommendation having
asecond survival rate; and

providing, by the processor, the second treatment recommendation to the physician if

the second survival rate is higher than the first survival rate.

2. The method of claim 1, further comprising
informing the physician to continue using the first VAD to treat the paticot if the

second survival rate is not higher than the first survival rate.

3. The method of any of the preceding claims, wherein each VAD comprises at least one

sensor for providing the first signal to the controller.

[N
(v 4



WO 2020/072999 PCT/US2019/054863

4. The method of any of the preceding claims, wherein the first signal comprises

mformation concerning the patient’s vitals.

5. The method of any of the preceding claims, wherein the first signal comprises at least
one of: Mean Artenial Pressure (MAP), Left Ventricular Pressure (LVP), Left Ventricular
End-Diastolic Pressure (LVEDP), Pulmonary Arterial Wedge Pressure (PAWP), Pulinonary

Capillary Wedge Pressure (PCWP), Pulmonary Artery Occlusion Pressure (PAOP).

6. The method of any of the preceding claims, further comprising

treating the patient with the second treatment recommendation.

7. The method of any of the preceding claims, wherein the VAD comprises at [cast one
of: an Impella® pump, an Extracorporeal Membrane Oxvgenation (ECMO) pump, a batloon

pump, and a Swan-Ganz catheter,

8. The method of claim 7, wherein the Tmpelia® pump comprises any one of Impella

2.5% pump, an Impella 5.0% pump, an Impeila CPY pump, an Impella RP® pump and an
pump P pump

Impella LD® pomp.

G. The method of any of the preceding claims, wherein the second treatment

recommendation comprises contimiing use of the first VAD from the first treatment

recommendation in addition 1o a second VAD.
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10, The method of any claims 1-8, wherein the second treatment recommendation
comprises the use of at least one of the following for treating the patient: the first VAD, a

second VAD, and no VAD.

1. The method of any of the preceding claims, wherein the patient is in cardiogenic

shock.

12, The method of any of the preceding claims, wherein the first treatment

recommendation is determined by a prediction model executed by the processor.

[
2

The method of claim 12, wherein the prediction model is based on a machine learning
algorithm comprising any one of: a bagging and random forest algonithm, a logistic

regression algorithm, a classification decision tree algorithm, a deep learning algorithm, a

naive Bayes algorithm, and a sapport vector machines algorithm |
14, The method of any of the preceding claims, wherein the types of patient
demographics comprise: gender, age, region, duration of support, indication for use and
sertion site.
15. The method of any of the preceding claims, further comprising:

displaying the survival rate for each available VAD; and

identifving the VAD with the hughest survival rate.

16.  The method of any of the preceding claims, firther comprising:
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displaying the combination of the sclected patient demographics used for determining

the survival rate using a branched-tree representation.

17. The method of any of the preceding claims, wherein the survival rate comprises a
probability of survival of a patient belonging to the combination of selected patient

demographics when treated with a VAD.

18, The method of any of the preceding claims, wherein the patient data repository
comprises a Acute Myocardial Tnfarction Cardiogenic Shock (AMICS) database or a High-

Risk Percutaneous Coronary Interventions (High-Risk PCY) database.

19, A method for providing a treatment reconunendation to a physician for treating a
patient, the method comprising:
obtaining, by a processor, patient data from a patient data repository, the data stored
in the repository according to patient demographics;
determining, bv the processor, at least one ventricular assist device {VAD) suitable for
treating patient;
determining

=2

by the processor asing a prediction model, a survival rate for each
suitable VAD based on data from the patient data repository for a combination of selected
patient demographics applicable to the patient:

providing, to a controller, a recommended first VAD associated with the highest
survival rate; and

using, by the physician, the recommended first VAD to treat the paticot.

20. The method of claim 19, further comprising:
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providing the physician with the survival rate for each suttable VAD for all

combinations of the selected patient demographics applicable to the patient.

21, The method of any of claims 19-20, further comprising:
providing the physician with a survival rate for not using a VAD for cach combination

of the selected patient demographics applicable to the patient.

22, The method of any of claims 19-21, wherein the first VAD comprises at least one of!
an Impella® pump, an Extracorporeal Membrane Oxygenation (ECMQO) pump, a balloon

pump, and a Swan-Ganz catheter.

23.  The mecthod of claim 22, wherein the Impella® pump comprises any one of> Impelia
2.5% pump, an Impetia 5.0% pump, an Impella CP® pump, an Impella BP® pump and an

Impella LD® pump.
24, The method of any of claims 19-23, wherein the patient demographics comprise: age,
gender, region, vear of implantation, support device, duration of support, insertion site and

gjection fraction.

25.  The method of any of claims 19-24, wherein the prediction model uses a machine

learning algorithm to deternune the survival rate.

26.  The method of any of claims 19-25, wherein the machine learning algorithm

comprises any one of. a bagging and random forest algorithm, a logistic regression algorithm,
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a classification decision tree algorithm, a deep learning algorithm, a naive Bayes algorithm,

and a support vector machines algorithm.

27.  The method of any of claims 19-26, wherein the combmation of the selected patient

demographics follows a tree-model.

28.  The method of claim 27, wherein the tree-model has an order of any one of: two,

three, four, five and six,

29.  The method of any of claims 19-28, further comprising

treating the patient using the first treatment recommendation.

30.  The method of any of claims 19-29, further comprising:
displaying the sarvival rate for each available VAD; and

identifving the VAD with the highest survival rate,

3
pmst

The method of any of claims 19-30, further comprising:
displaving the combination of the selected patient demographics used for determining

the survival rate using a branched-tree representation.

32, The method of any of claims 19-31, wherein the survival rate comprises a probability
of survival of a patient belonging to the combmation of selected patient demographics when

treated with a VAD.
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33, The method of any of claims 19-32, wherein the patient data repository comprises a
Acute Myocardial Infarction Cardiogenic Shock {AMICS) database or a High-Risk
Percutaneous Coronary Interventions (High-Risk PCI) database.

34, A system for providing a treatment recommendation to a physician for treating a
patient, the system comprising:

at least one ventricular assist device (VAD} comprising a sensor;

a processor in communication with the VAD, the processor configured to be in
communication with an Acutc Myocardial Infarction Cardiogenic Shock {AMICS) repository
or a High-Risk Percutancous Coronary Interventions (High-Risk PCH) repository; and

a controller in communication with the VAD and the processor, the controller

configured to perform the method according to any of claims 1-33.

35, A system for providing a treatment recommendation to a physician for treating a
patient, the system comprising:
a processor; and

a controller contfigured to perform the method according to any of claims 1-33.

36. A computer program comprising computer exccutable mstructions, which, when
executed by a computing apparatus comprising a processor and a controller, causes the

computing apparatus to perform a method according to any of claims 1-33.

37. A nou-transttory computer-readable storage medium having stored thereon computer-

readable code which, when executed by a computing apparatus comprising a processor and a

a3
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controller, canses the computing apparatus to perform a method according o any of claims -

33.



