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USING NATURAL LANGUAGE PROCESSING TO FIND ADVERSE EVENTS

Cross-Reference to Related Applications

{3001} This application claims the benefit of priority under 35 U.8.C. § 119(e} from United
States Provisional Application Serial No. 62/784,192 filed December 21, 2018 the contents of

which are hercby incorporated by reference in their entirety.

Background

16602} Cardiovascular conditions can reduce the quality of life of a patient. A variety of
treatment aptions have been developed for treatment of the heart in such conditions, ranging
from pharmaceuticals to mechanical devices and transplantation. Ventricular assist devices

(V ADs), such as heart pump svstems and catheter systems, are often used i treatment of the
heart to provide hemodynamic support and facilitate recovery. Some heart pump systems are
percutancously inserted mto the heart and can ron in paraliel with the native heart to
supplement cardiac output. Such heart pump systems include the Irapella® family of devices
by Abiomed, Inc. of Danvers, MA. Some of these medical procedures may lead to adverse
events occurring in the patient during treatment. This may be due to incorrect use of the
device, or sub-optimal device configurations.

[0003] Afier administering a treatment to a patient using a medical device. such asa VAD, a
detailed description of the treatment provided to the patient, and any clinical mdications
during such treatment, 1s recorded. Such recordation has traditionally been done in writing
manually m clinical short hand or typed mto a computer. Alternatively, details of the
treatment are provided to a device which converts speech to text (e.g. a dictaphone, or a

laptop microphone with speech recognition software running thereon) and is stored as a text
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file. Such files are often logged in a patient data repository and made available to other
clinicians requiring access to the patient’s medical file.

16004} Usually clinicians have to determine if a paticnt has experienced an adverse event
during treatment before deciding on any further treatment. Adverse events include, for
example, bleeding, hemolysis and ischemia, that may have occurred during the use of a VAD
to treat the patient (due to use of a new guidewire with an Impella® pump, for exampie).
Such determination involves reading and inspecting clinical records to manually ascertain if
any such adverse events have occurred during the treatiment. Manual mspection nvolves
several degrees of freedom. For example, certain portions of the text of a clinical description
may be missed or be difficult to decipher, or the interpretation of a clinical description may
vary from person to person. Further, to obtain clinical indicia of a treatment plan (e.g.
success rate), a repository of clinical descriptions need to be analyzed so as to obtain indices
that are representative. Manual inspection of large mimbers of clinical descriptions will take
fime and may mnvolve several inaccuracies due to the aforementioned degrees of freedom.
(6003} Attempts to automate the analysis of clinical descriptions mvolve the use of natural
language pre-processing and machine leaming, such as bagging and random forest, logistic
regression, and regression tree, for example. Such algorithms are complex and recursive, and
take up processor resources on a computing system especially when the algorithms do not
converge casily. Machine learning using such algorithms also ofien require a sizable pool of
training data before the machine model can be relied on. Thus for smaller data repositories,
insufficient {raining data will result in anstable machine leaming models, the output of which

wiil be unreliable in analyzing clinical descriptions.
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Summary

16006] The methods and systems described herein use natural language processing and
keyword searching by a processor of a computing apparatus to determine if a clinical
description relates to a treatment that contains an adverse event. The method beings by
receiving at least one clinical description comprising text. The processor then determines the
position of a target word within the text. The processor then progresses to determine the
existence of at least one negation word within an active region, the active region comprising a
predetermined number of words within the text occurring immediately before and
immediately after the target word, including the target word. Next the processor determines
the existence of at least one body-part word within the active region. The method then
determines that the chinical description 1s to be disregarded if the active region contains either
a negation word or a body-part word.

{6007} By searching for a keyword in the text of a clinical description, training of a machine
learning algorithm (involving traiming data} is not required, thereby frecing up system
resources of a computing apparatus. The keyword search nature of the method and system of
the present disclosure does not monopolize the processor of a computing apparatus
performing the analvsis of the clinical descriptions.

{3608} In some implementations, the method further comprises processing the text to
generate word tokens, determining and grouping word tokens comprising inflected forms of a
word, and performing a keyword search on the text using the grouped word tokens. In other
implementations, the method comprises flagging the chnical description if the active region
does not contain: a negation word and a body-part word. In certain implementations, the
method comprises writing a flag to a header in the clinical description. In some
implementations, the predetermined nomber of words of the active regions is at least three

words. In other implementations, the predeternuned number of words of the active regions is
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three. In certain implementations, the at least one negation word comprises any one of. ‘no’,
‘not’, ‘nor’, ‘non’, ‘without’, ‘never’, and “false’. Tun some tmplementations, the clinical
descriptions are obtained from an Acute Myocardial Infarction Cardiogenic Shock (AMICS)
repository.

{3809} In another embodiment, there i provided a system for automatically classifving
chinical descriptions of patients. The svstem comprises at least one ventricular assist device
{VAD) for treating a patient. The system also comprises a controller in communication with
the VAD and configured to generate at least one clinical description of the treatment of the
pationt with the VAD. Further the system comprises a data repository for storing the clinical
description of the treatment. The system also comprises a processor in communication with
the data repository, the processor configured to perform the method according to any of the
aforementioned embodiments. In some mmplementations, the system disables the use of a
VAD if the number of clinical descriptions containing adverse events exceeds a
predetermined threshold.

{6018} In yet another embodiment, there is provided a system for automatically classifyving
chinical descriptions of patients, cach clinical description relating to the use of a ventricular
assist device on the patient. The system comprises a processor configured to perform the
method according to any of the aforementioned embodiments.

(6011} Ina further embodiment, there is provided a computer program comprising computer
executable instructions, which, when executed by a computing apparatus comprising a
processor, causes the computing apparatus to perform a method according to any of the

aforementioned embodiments.

Bref Description of the Drawings
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{6012} The forcgommg and other objects and advantages will be apparent apon consideration
of the following detailed description, taken in conjunction with the accompanying drawings,
in which like reference characters refer to like parts throughout, and in which:

[68613] FIG. 1 shows an illustrative svstem for finding adverse events in a clinical
description according to an embodiment of the present disclosure;

[6014] FIG. 2 shows an dlustrative flowchart of a method of keyword searching used
natural language processing;

[6018] FIG. 3 shows an illustrative flowchart of a method of finding adverse events in a
chinical description according to an embodument of the present disclosure;

16016] FIG. 4 illustrates optimization of the length of an action region surrounding a target
word in relation to the number of false positives that arise using the method of FIG. 1;
{6017} FIGS. SA and 5B illustrate the use of the method of FIG. | on a clinical description
containing a negation word; and

[6018] FIGS. 6A and 6B illastrate the use of the method of FIG. 1 on a clinical description

containing a body-part word.

Detailed Description

3819} To provide an overall understanding of the methods and systems described herein,
certam ihlustrative embodiments will be described. Although the embodiments and features
described herein are specifically described for use in connection with using natural language
processing to automatically detect adverse events in clinical description involving the use of
ventricular assist devices (VADs), it will be understood that all the components and other
features cutlined below may be combined with one another in any suitable manner and may
be adapted and applied to other types of medical therapy having clinical descriptions

associated therewith.
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{6028} The systems and methods described herein use natural langaage processing (NLP} to
automatically detect the occurrence of adverse events in chinical descriptions. NLP is used to
perform a search for keywords in an active region of a target word contaimed in a clinical
description. Once a keyword is found, the processor deems that the clinical description does
{or does not, as the case may be) relate to a treatment in which an adverse event has occurred.
In some embodiments of the present disclosure, a flag is written to a header in the clinical
description text file. By scarching for a kevword in the text of a clinical description, training
of a machine learning algorithm (nvolving traming data) is not required, thereby frecing up
system resources of a computing apparatus. The keyword search nature of the method and
system of the present disclosure does not monopolize the processor of a computing apparatus
performing the analysis of the chinical deseriptions.

(6021} FIG. 1illustrates a block diagram of a system 100 for automatically detecting the
occurrence of adverse events in clinical descriptions 110, The system 100 comprises a
computing apparatus 120, sach as a laptop, for example, in communication with a patient
data repository 130, For the sake of brevity only a processor 123 of the computing apparatus
120 is shown in FIG. 1. However it will be understood that computing apparatus 120 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
{c.g. aread only memory ROM), a display, and connection busses that enable communication
between these components, all of which are included in the present disclosure.

[6022] The computing apparatus 120 comprises a processor 125 which is able to execute
machine readable instructions to perform operations on fext data using natural language
processing. The computing apparatus 120 is mn communication with a patient data repository
130 comprising patient data obtained from vartons medical mstitutions. According 1o certain

embodiments of the present disclosure, patient data repository 130 may comprise an Acute
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Myocardial Infarction Cardiogenic Shock (AMICS) database compiled and maintained by a
CRM such as Salesforce.com, Inc. The AMICS database 130 stores data from treatment of
high risk percutancous coronary intervention (PCH) patients and patients in cardiogenic shock.
The AMICS database 130 may also store data specific to the VADs 140 available for
treatment in a VAD database 135, The VAD database 133 may comprise operational
parameters for each device.

[6023] Paticnt data includes clinical descriptions 110 that have been stored in the AMICS
database 130 after treatment of a patient in cardiogenic shock. Such treatment mcludes the
use of a medical device to alleviate the patient’s condition, such as, for example, a VAD 140,
VADs provide ventricular support to a patient in cardiogenic shock and may comprise, but
are not limited to, an Impella® pump, an Extracorporeal Membrane Oxygenation (ECMO)
pump, a balloon pump, and a Swan-Ganz catheter. The Impella® pump may comprise an
Impella 2.5% pump, an Impella 5.0% pump, an Impella CP® pump and an Impella LD® punmp,
all of which are by Abiomed, Inc. of Danvers, MA.

[6024] VAD 140 1s connected to a controller 150 which enables a physician 160 to operate
the VAD 140 when treating the patient 170, Such operation may include navigating the VAD
within the patient 170 and adjustment of operational parameters of the VAD 140 to suit the
condtition of the patient 170, Operational parameters include, but are not limited to, purge
volume, flow rate, and pump speed, for example. According to certain embodiments of the
present disclosure, the controlier 150 may comprise an Awtomated Impella® Controlier (AIC)
by Abiomed, Inc. of Danvers, MA.

6023} Each VAD 140 may comprise at least one sensor that collects data from the patient
170 while the VAD is in use treating the patient. The pationt data is transmitted as signals to
the controller 150, Such data may include, but is not limited to, Mean Arterial Progsure

{(MAP), Left Ventricular Pressure (LVP), Left Ventricular End-Diastolic Pressure (LVEDP),
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Pulmonary Arterial Wedge Pressure (PAWP), Pulmonary Capillary Wedge Pressure
(PCWP), and Pulmonary Arterv Gcclusion Pressure (PAOP). The controller 150
comumunicates the patient data to the AMICS database 130 which stores the data for analysis
after the treatment. The AMICS database 130 may also be provided with additional data
from the physician 160 {e.g. notes from {reating the patient) that may be stored together with
the patient data.

[#3626] Data from the patient and physician may be stored as clinical descriptions 110 in
the repository 130. In certain embodiments of the present disclosure, the clinical deseriptions
110 may be stored in the AMICS database 130 in at least one text file having a * txt
extension. The clinical descriptions 110 may comprise text in any language (e.g. English)
and/or shorthand (e.g. clinical shorthand}. An iHustrative clinteal descniption 1s shown
Table 1. The text file may also include header information that contains identifving data such
as. tor example, name of the patient and medical institution, patient demographics, date, time
{(not shown in Table 1}. 1t will be understood that the above are exemplary embodiments of
the chinical descriptions, and that the term ‘clinical description” encompasses any group of
machine readable characters contaming information that relates to a medical procedure

performed on the patient, such as cardiovascular treatment using VADs.

Description: Cardiac Arrest patisnt with history of heart
failure and CABG. Currently on Neo, Levo and unconfirmed amount

crred by EMT and bystander
t although

cf Epi. Patient was down and ““R per
prior to EMIT arrival. Patient is awake and ale

intubated. Patient is on P6 with [lows of 2. min.
difference in flows betwean P6 and P8 as pati is
cawstrgc ﬂ OeLLPhr ally. Plan to wesan Epi and Levo

for central line or Swan to be placed for

urrently getting velume at around 300 per

ibput and have disc

[ 55 giving
3 tch volume statu r Have gix
bolus volume after echo. Pressure is 91/76/80. PP is
602 ¢ is 11.2., MC at 619/48%2/546. groin site is dry

with no evidence of bleeding at all. 10-24 pafameters remain

steady. Dialysis was started this morning at 7 am. MAP in the
70's with narrow pulse pressure. Patlent is still alert and
aware but lightly sedated.Patient passed last night
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Table 1 Hlustrative clinical description in * txt format.
16027} The clinical descriptions 119 are assessed by the computing apparatus 120 for
classification of various events that cccur during the respective treatments. Events may
inchude the occurrence of adverse events, malfunction of treatment devices, and success of a
treatment, for example. Chimical descriptions 110 may be selected based on a specified set of
criteria, such as, for example, geographical region, peniod of time, diagnosis type, patient age,
and type of treatment device used {e.g. a VAD consisting of an Impella® CP pump). Such
criteria may be predeternuned or input by a clinician operating the laptop 120 via a graphical
user interface (GUT), for example. Each selected clinical description 110 is then analyzed by
the processor 125 of the computing apparatus 120 using a natural language processing (NLP}
algorithm implemented by software. Examples of NLP software include, but are not limited
to, Apache OpenNPL, Mallet, ELIZA and ¢cTAKES.
{6028} The natural language processing algorithm determines if a kevword in each selected
chinical description 110 1s present. The keyword may comprise at least one word that acts on,
or in relation to, a target word in the clinical descriptions 110, The keyword may be used to
classify the selection of clinical descriptions 110, According to an embodiment of the present
disclosure, the target word mayv be used to describe an adverse event that has occurred during
treatment of the heart of the patient (e.g. bleeding, hemolysis or ischemia). Examples of
target words may mehade “bleed’, “clot’, and ‘heart’, and examples of keywords may include
not’, "non’ and ‘no’. Such kevwords and target words may be predetermined and stored in a
memory of the computing apparatus 120 for a specific type of analysis. Alternatively, the
keywords and target words may be mput by a chinician operating the computing apparatus
120 via a GUI of the NLP software. The occurrence of the keyword in an active region
surrcunding the target word s then analyzed by the NLP to determine if a particular event has

occurred during the respective treatments. For example, the NPL may identify the
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occurrence of adverse events and flag a chnical deseription 110 as containing an adverse
cvent 122, or not containing an adverse cvent 124,

16029} FIG. 2 illustrates a flow chart representing a method 200 of natural language
processing according to an embodiment of the present disclosure. The method 200 @ FIG. 2
1s carried out by the processor 125 in FIG. 1. The method begins at step 210 m which the
processor 125 of the computing apparatus 120 obtains a selection of chinical descriptions 110
from the AMICS database 130. As previously mentioned, the selection of clinical
descriptions 110 may be based on a specified set of criferia, such as, for example,
geographical region, period of time, diagnosis type, patient age, and type of treatment device
used (c.g. VAD). Instep 220, the NPL algorithm splits the text of cach clinical description
110 into pieces or tokens, termed tokemzation of the text. Depending on the NPL algorithm
used, certain characters in the text, such as punctuation characters, may be disregarded. Each
token is used as a semantic unit for processing of the text associated with the selected clinical
descriptions.

16030} After tokenization of text, the method 200 then progresses to step 230, also known
as lemmatization, in which similar tokens are grouped together based on inflected forms of a
token so they can be analyzed as a single ttem. Essentially lemmatization (or stemming)
links tokens having the same base form (root word} and groups them together so that the
tokens can be treated in a similar manner. For example, in English, the verb “to walk’ may
appear as "walk’, ‘walked’, "walks’, "walking". The base form here ts “wall’, which one
might look up in a dictionary. The output of the lemmatization step 230 1s a bag-of-words
{BOW) comprising groups of tokens, each group having an associated base form.

16031} Once a BOW 15 formed for the selected clinical description 110, keyword scarching
can take place (step 240). The NPL lemmatizes the target word and identifies the root word

of the target word. Next the NPL scans the BOW to determine if the root word of the target
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word occuars in the BOW. If such a deternination 1s positive, 1.¢. if the BOW contains a root
word that matches that of the target word, the selected clinical description 110 is deemed to
contain the target word. Conversely, if the determination is negative. 1.¢. if the BOW does
not contain the root word of the target word, the selected clinical description 110 1s deemed
not to contain the target word.

[6032] FIG. 3 shows a flow diagram of a method 300 for automatically classifving clinical
descriptions 110 according to an embodiment of the present disclosure. The method 300 in
FIG. 3 is carried out by the processor 125 m FIG. 1. Ags with the method 200, the method
300 begins at step 310 in which the processor 125 of the computing apparatus 120 obtains a
selection of clinical descriptions 110 from the AMICS database 130, As previously
mentioned, the selection of clinical descriptions 110 may be based on a specified set of
criteria, such as, for example, geographical region, period of time, diagnosis type, patient age,
and type of treatment device used (e.g. VAD). The criteria may be specified by the clinician
via a GUI of the computing apparatas 120

[6033] In step 320, the processor 125 uses the NPL algorithm running thereon to determine
the position of a target word in cach selected clinical description 110, Once the position of
the target word is identified, the method 300 additionally uses the NPL process 200 to further
identify an active region in relation to the target word. The active region comprises a
predetermined number of words within the text of the selected clinical description 110
occurring immediately before and immediately after the target word. The active region also
inchudes the target word. The predetermined number of words may be stored within the
computing apparatus 120, or may be provided as an input from the clinician viaa GUIL. The
predetermined number of words defines the size of the active region (1.e. the granulanty of

the method 300}, and will be termed henceforth the granularity size.
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[6034] The method 300 then proceeds to analvze the active region in each selecied clinical
description 110, Here the processor 125 searches the active region in each of the selected
clintcal descriptions 110 for a keyword using the NPL method 200. As described in the
foregoing, the kevword acts on, or in relation to, the target word mn each clinical description
110. According to embodiments of the present disclosure, the kevword may comprise a
negation word or a bodv-~part word. A negation word may comprise, but 15 not limited to,
‘no’, ‘not’, ‘nor’, ‘non’, ‘without’, ‘never’, and ‘false’. The presence of a negation word in
the active region of a target word reverses or deactivates the ordinary meaning of the target
word. For example, if the clinical description reads ™. .. groin site is dry with no evidence of
bleeding at all ... ,” the presence of the negation word ‘no’ deactivates the meaning of the
target word ‘blecding” occurring at that the gromn site. Thus upon detecting the negation word
‘no’ in the active region, the processor 125 would flag this clinical description as not relating
to an adverse event, the adverse event being bleeding i the groin.

(6033} In a similar manner, a body-part word may comprise any body part sach as, for
example, ‘leg’, ‘am’, ‘abdomen’ and ‘groin’. The presence of a body-part word in the active
region of a target word deactivates the ordinary meaning of the target word. Unlike the
negation word, according to an embodiment of the present disclosure, the presence of a body-
part word signifies that the adverse event (for example bleeding) does not occur 1o the heart.
For example. if the clinical description reads ... patient is very sick and they feel she s
bleeding into her abdomen ... |7 the presence of the body-part word ‘abdomen’ deactivates
the meaning of the target word “bleeding’ as it does not relate to the heart. According to an
embodiment of the present disclosure, it will be assumed that any adverse event in a clinical
description that docs not have a body-part word acting on a target word occurs in the heart of
apatient. Thus apon detecting the body-part word “abdomen’ in the active region, the

processor 125 would flag this chinical description as not relating to the adverse event of
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bleeding in the heart. It will be understood that the NPL keyword search could be
customized further to match words in the active region to a specific body-part word, ¢.g.
‘heart’, and flag the clinical description based on a match.

[6836] Referring back to FIG. 3, once the position of the target word in the text of a clinical
description {10 is determined, method 300 proceeds to step 330 where it is further
determined if a negation word is present in the active region. If a negation word is present in
the active region ("Yes’ in step 330), the clinical description is flagged as not containing an
adverse event. In certain embodiments of the present disclosure, the flag may be written in
the header of the text file for cach clinical descnption (in ASCIH characters, for example), and
the flagged clinical description 110 may be written back to the AMICS database by the
computing apparatus 120

{6037} If a negation word is not present in the active region {'No” in step 330), the method
300 proceeds to step 340 where it is further determined if a body-part word is present in the
active region. If a body-part word is present {*Yes’ in step 340), the chnical description is
flagged as not containing an adverse event, as in step 350, 1f a body-part word is not present
{*No’ in step 340), the clinical description is flagged as containing an adverse event, as in
step 360. In certain embodiments of the present disclosure, the flag in both cases of "Yes’
and “No’ to step 340 may be stored in the header of the text file for each clinical description,
and the flagged clinical description 110 may be written back to the AMICS database by the
computing apparatus 120

[6038] The strategic kevword searching of the present disclosure scans text within each
chimcal description 110 to locate the target word and any specified keywords within an active
region of the target word. Once a keyword is identified, the chinical description is flagged

and the analysis moves on to the next text file. This places no burden on the processor
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compared to NPL osing machine learning, and therefore frees up the processing power of the
computing apparatus.

16839} FIG. 4 shows optimization chart 400 of the NPL algorithm based on the size of an
active region for detecting a negation word with respect to a target word, in accordance with
an embodiment of the present disclosure. In effect this optimizes the granulanty of the
method 300. As previously described, the number of false positives {FP) refers to the number
of times the processor 125 does not detect the presence of a negation or body-part word in an
active region when the negation or body-part word is actually present, whiletrue positive, TP,
means the negation or body-part words are there and also detected. v effectthe FPisa
missed alarm as the processor 125 misses the detection of a bleeding event in the heart of the
patient, according to the clinical description 110, by incorrectly identifying a negation or
body-~part word in the active region of a clinical description. Similarly, the number of false
negatives {(FN) refers to the number of times the processor 125 incorrectly detects the
presence of a negation or body-part word in an active region when there is no negation or
body-part word actually present, wheretrue negative, TN, means no negation or body-part
words existed or detected.

13048} In FIG. 4, the size of the active region is referenced with respect to the number of
words tmmediately before and immediately after a target word. The optinmization is
performed with respect the number of false positives. The line plot 410 1o the optumization
chart 400 shows that the occurrence of false positives shows minimal variation with active
regions having a granularity of three words or more. Further, Table 2 shows exemplary
values of TP, FP, FN and TN as the granularity of the active region changes. The values in
Table 2 remforce the trend shown in FIG. 4 where the number of missed alarms, 1.¢. FP, 1s

reduced as the size of the active region increases. The rate of reduction of FP platcaus after a
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critical granudarity of the active region. According to embodiments of the present

description, the cnitical size of the active region is taken as three words.

ﬁf;‘;; Prediction | TP FP FN TN
0 73 39 34 1 346
! 66 39 27 | 353
2 63 39 24 1 356
3 51 39 22 | 358
4 60 39 21 1 359
5 59 39 20 1 360

Table 2 Optimization of FP with size of active region.
{6041} FIGS. 5A and 5B illustrates examples of using an NPL algorithm to automatically
detect the presence of a negation word in clinical descriptions 500, 550, according to the
systems and methods as described in the foregoing. In FIG. SA, the target word 510 is
‘bleeding’, and the active region 520 has a granularity of three. The keyword 330 isa
negation word ‘ng’. As the negation word 530 oceurs within the active region 520 of the
target word 510, the clinical description 500 is flagged as not containing an adverse event.
Simtlardy, m FIG. 5B, the target word 560 1s “bleeding’, and the active region 570 has a
granularity of three. The keyword 380 is a negation word ‘no’. As the negation word 580
occurs within the active region 570 of the target word 360, the clinical description 550 is
flagged as not containing an adverse event. In both examples above, NPL processing
according to the method 200 shown in FIG. 2 is used to identify the target word, the negation
word and the words in the active region.
[0042] FIGS. 6A and 6B illustrates examples of using an NPL algorithm to automatically
detect the presence of a body-part word in clinical descriptions 600, 630, according to the
systems and methods as described in the foregoing. In FIG. 64, the target word 610 1s

‘bleeding’, and the active region 620 has a granularnity of three. The keyword 630 1s a body-

15



WO 2020/132390 PCT/US2019/067741

part word ‘abdomen’. As the body-part word 630 ocours within the active region 620 of the
target word 610, the clinical description 600 is flagged as not contaiming an adverse event.
As previously deseribed, it is assumed that any adverse event in a clinical description that
does not have a body-part word acting on a target word occurs in the heart of a patient. Thus
upon detecting the body-part word ‘abdomen’ in the active region 620, the processor 125
flags the clinical description 600 as not relating to the adverse event of bleeding in the heart.
Similardy, m FIG. 6B, the target word 660 is “bleeding’, and the active region 670 has a
granularity of three. The kevword 680 1s the body-part word ‘groin’. As the body-part word
680 occurs within the active region 670 of the target word 660, the clinical description 650 13
tlagged as not containing an adverse event. In both examples above, NPL processing
according to the method 200 shown in FIG. 2 18 used to identify the target word, the body-
part word and the words in the active region.

{6043} Table 3 shows a confusion matrix which provides exemplary figures to ilhustrate the
cffectiveness of the methods and systems of the present disclosure. Table 3 compares the
results of using NPL to perform a complete kevword search using NPL on every word ma
chinical description against the strategic negation and/or body-part kevword search using NPL
to search for just the negation and/or body-part words in an active region of a target word
according to embodiments of the present disclosure. Indices that are relevant to confusion
matrices wnclude ratios for precision, recall and accuracy. The precision ratio is determined
using the formulation: TP/(TP+FP); the recall ratio is determined using the formulation:
TP/ATP+EN); and the accuracy ratio i3 determined using the formulation:
{TP+TNY/(TP+FP+FN+TN). For the illustrative confusion matrix of Table 3, the precision,
recall and accuracy indices for the complete keyword search are 53.4%, 97.5% and 91.7%,
respectively, whereas the same indices for the strategic negation and/or body-part keyword

search are 74.0%, 92.5% and 96.2%, respectively. These comparative mdices show that the
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strategic negation and/or body-part keyword search identifies keywords with a higher
precision and accuracy. Such figures are mdicative that the strategic negation and/or body-
part keyword search of the present disclosure is superior over conventional NPL technigues,
while mininmizing the use of system resources to perform such natural language processing.
60844} As previously described, afier each selected chinmical description 110 1s flagged, the
flag may be stored in the header of cach clinical description text file, and the text file may be
written back to the AMICS database 130 by the computing apparatus 120. To that end, a
clinician mayv be able to filter flagged clinical descriptions from the AMICS database based
on certain criteria (¢.g. VAD type, patient age, name of medical institution} to obtain the
percentage of clinical descriptions that contain a target word. For example, a clinician
operating the computing apparatus 120 may be able to obtain data from the AMICS database
relating to the Impella® 2.3 heart pump used on male patients aged 50-55 vears old in Boston,
MA that suffered from bleeding in the heart during a cardiac procedure. If such data is below
what has been statistically shown for patients matching the criteria, it could be indicative of
various issues. Such issues may include, for example, that the cardiac procedure 13
adnunistered to the patient incorrectly, or that the VAD used has faults that need to be
rectified. In the case of incorrect administration of a cardiac procedure, such data could
initiate further training at medical nstitutions. In the case of suspected fanlts in the VAD,
such data can be used as guality control during manufacture of such devices. Further, the
data obtained from flagged clinical descriptions containing adverse events may be used (o
trigger a lock-out mechanism to warn the physician against the use of the use of a VAD, if
the number of flagged clinical descriptions exceeds a predetermined threshold. Thus flagging
clinical descriptions i an automatic manner as described 1o the foregoing will be able to

provide clinicians with feedback that could improve the treatment provided to the patient.
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COMPLETE KEYWORD SEARCH

Real Positive | Real Negative Total
Predict Positive TP =39 FP =34 73
Predict Negative FN=1 TN =346 347
Total 40 380 420

NEGATION/BODY-PART KEYWORD SEARCH

Real Positive | Real Negative Total
Predict Positive TP =37 FP=13 50
Predict Negative FN=3 TN =367 370
Total 40 380 420

Table 3 Confusion matrix comparison.

[#845] The foregoing 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 limitation. It is to be understood that the

methods disclosed herein, while shown for use in avtomated ventricular assistance systems,

may be applied to systems {o be used 1n other automated medical systems.

[0046] Vanations 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 hercin. The various features described or illustrated above,
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including any components thereof, may be combined or integrated in other systems.
Moreover, certain features may be omitted or not implemented.

16047} Examples of changes, substitutions, and alterations are ascertainable by one skilled
in the art and could be made without departing from the scope of the information disclosed
herein. All references cited herein are incorporated by reference m their entirety and made

part of this application.
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CLAIMS

i A method for automatically classifying clinical deseriptions of patients by a computer
processor using natural language processing, the clinical descriptions relating to the use of 2
ventricular assist device (VAD) to treat the patient, the method comprising:

receiving at least one clinical description comprising fext;

determining the position of a target word within the text;

determining the existence of at least one negation word within an active region, the
active region comprising a predetermined number of words within the text occurring
immediately before and immediately after the target word, including the target word;

determining the existence of at least one body-part word within the active region; and

determining that the clinical description is to be disregarded if the active region

contains either a negation word or a body-part word.

2. The method of claim §, further comprising
processing the text to generate word tokens;
determining and grouping word tokens comprising inflected forms of a word; and
performing a keyword search on the text using the grouped word tokens.

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

flagging the clinical description if the active region does not contain: a negation word

and a body-part word.

4. The method of any of the preceding claims, firther comprising

writing a flag to a header in the clinical deseription.
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5. The method of any of the preceding claims, wherein the predetermined number of

words of the active regions is at least three words.

6. The method of claim 5, wherein the predetermined number of words of the active

regions is three.

7. The method of any of the precedmg claims, wherein the at least one negation word

LY

comprises any one of. ‘no’, ‘not’, ‘nor’, ‘non’, ‘without’, ‘never’, and “false’.

8. The method of any of the preceding claims, wherein the climical descriptions are

obtained from an Acute Myocardial Infarction Cardiogenic Shock (AMICS) repository.

. A system for automatically classifving clinical descriptions of patients, the system
comprising:

at least one ventricular assist device (VAD) for treating a patient;

a controller in communication with the VAD and configured to generate at least one
chinical description of the treatment of the patient with the VAD;

a data repository for storing the clinical description of the treatment; and

a processor in comnunication with the data repository, the processor configured to

perform the method of any one of claims 1-9.

10.  The system of claim 9, wherein the system disables the use of a VAD it the number of

chinical deseriptions containing adverse events exceeds a predetermined threshold.
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i1, A system for automatically classifving clinical descriptions of patients, cach clinical
description relating to the use of a ventricular assist device on the pationt, the svstem

comprising a processor configured to perform the method according to any of claims 1-8.

i2. A computer program comprising computer executable instructions, which, when
executed by a computing apparatus comprising a processor, causes the computing apparatus

to perform a method aceording to any of claims 1-8.



