wo 2020/084529 A 1 | HINN F000 VKO0

(12) INTERNATIONAL APPLICATION PUBLISHED UNDER THE PATENT COOPERATION TREATY (PCT)

(19) World Intellectual Property '

Organization
=

International Bureau

(43) International Publication Date

(10) International Publication Number

WO 2020/084529 Al

30 April 2020 (30.04.2020) WIPOIPCT

(51) International Patent Classification:
GI16H 50/20 (2018.01) GO6N 20/00 (2019.01)

(21) International Application Number:
PCT/IB2019/059077

(22) International Filing Date:

KR,KW,KZ, LA, LC,LK,LR, LS, LU, LY, MA, MD, ME,
MG, MK, MN, MW, MX, MY, MZ, NA, NG, NI, NO, NZ,
OM, PA, PE, PG, PH, PL, PT, QA, RO, RS, RU, RW, SA,
SC, SD, SE, SG, SK, SL, SM, ST, SV, SY, TH, TJ, TM, TN,
TR, TT, TZ, UA, UG, US, UZ, VC, VN, ZA, ZM, ZW.

(84) Designated States (unless otherwise indicated, for every
23 October 2019 (23.10.2019) kind of regional protection available). ARIPO (BW, GH,
(25) Filing Language: English GM, KE, LR, LS, MW, MZ, NA, RW, SD, SL, ST, SZ, TZ,
. L. . UG, ZM, ZW), Eurasian (AM, AZ, BY, KG, KZ, RU, TJ,
(26) Publication Language: English TM), European (AL, AT, BE, BG, CH, CY, CZ, DE, DK,
(30) Priority Data: EE, ES, FI, FR, GB, GR, HR, HU, IE, IS, IT, LT, LU, LV,
62/749,431 23 October 2018 (23.10.2018)  US MC, MK, MT, NL, NO, PL, PT, RO, RS, SE, SL SK, SM,
. . TR), OAPI (BF, BJ, CF, CG, CI, CM, GA, GN, GQ, GW,
(71) Apphcan't: MMODAL'IP LLC [US/US], 5000 Meridian KM, ML, MR, NE, SN, TD, TG).
Blvd., Suite 200, Franklin TN 37067 (US).
(72) Inventor: POLZIN, Thomas S.; 3M Center, Post Office  Published:

Box 33427, Saint Paul, Minnesota 55133-3427 (US).
(74) Agent: HUANG, X. Christina, et al.; 3M Center, Office of

with international search report (Art. 21(3))

Intellectual Property Counsel, Post Office Box 33427, Saint

Paul, Minnesota 55133-3427 (US).

(81) Designated States (unless otherwise indicated,
kind of national protection available): AE, AG,

Jfor every
AL, AM,

AO, AT, AU, AZ, BA, BB, BG, BH, BN, BR, BW, BY, BZ,

CA,CH, CL,CN, CO, CR, CU, CZ,DE, DJ, DK,

DM, DO,

DZ, EC, EE, EG, ES, FI, GB, GD, GE, GH, GM, GT, 1IN,
HR, HU, ID, IL, IN, IR, IS, JO, JP, KE, KG, KH, KN, KP,

(54) Title: APPLYING MACHINE LEARNING TO SCRIBE INPUT TO IMPROVE DATA ACCURACY

[109

PHYSICIAN 1022 PATIENT 1020
da

PHYSCIAN J :
/ speecy / seeecn

fHim ENCOUNTER CONTEXT AUDIC CAPTURE 166
IDENTIF CATION MODULE GEVIGE

SIGNAL PROCESSING

412-enf ENCOUNTER 1—»./ AUDIO
CONTEXT / oureur MODULE

T ]

T SEPARATED SEPARATED
158 = PHYSICIAN PATIENT
\ SPEECH SPEECH

Iic:tE],ﬁ I L_ ...... J
\ OMATIS
156 SAVED INITIAL FiNAL EMR
EMR STATE STATE
-160

FINAL EMR STATE
SAVING MODULE

152

INITIAL EMR STATE
SAVING MODULE

154

162

(57) Abstract: A computerized system learns a mapping from the speech
of a physician and patient in a physician-patient encounter to discrete in-
formation to be input into the patient's Electronic Medical Record (EMR).
The system learns this mapping based on a transcript of the physician-pa-
tient dialog, an initial state of the EMR (before the EMR was updated based
on the physician-patient dialogue), and a final state of the EMR (after the
EMR was updated based on the physician-patient dialog). The learning
process is enhanced by taking advantage of knowledge of the differences
between the initial EMR state and the final EMR state.
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APPLYING MACHINE LEARNING TO SCRIBE INPUT TO IMPROVE DATA
ACCURACY

BACKGROUND

[0001] When a physician or other healthcare professional provides healthcare
services to a patient or otherwise engages with a patient in a patient encounter, the healthcare
professional typically creates documentation of that encounter. For example, healthcare
providers often engage human medical scribes, who listen to a physician-patient dialogue
while the patient’s electronic medical record (EMR) is open in front of them on a computer
screen. It is the task of the medical scribe to map the dialogue into discrete information, input
it into the respective EMR system, and create a clinical report of the physician-patient

encounter. The process can be labor-intensive and prone to error.

SUMMARY

[0002] A computerized system learns a mapping from the speech of a physician and
patient in a physician-patient encounter to discrete information to be input into the patient’s
Electronic Medical Record (EMR). The system learns this mapping based on a transcript of
the physician-patient dialog, an initial state of the EMR (before the EMR was updated based
on the physician-patient dialogue), and a final state of the EMR (after the EMR was updated
based on the physician-patient dialog). The learning process is enhanced by taking advantage
of knowledge of the differences between the initial EMR state and the final EMR state.

[0003] One aspect of the present invention is directed to a method performed by at
least one computer processor executing computer program instructions tangibly stored on at
least one non-transitory computer-readable medium. The method includes, at a transcription
job routing engine: (A) saving an initial state of an electronic medical record (EMR) of a first
person; (B) saving a final state of the EMR of the first person after the EMR of the first person
has been modified based on speech of the first person and speech of a second person; (C)
identifying differences between the initial state of the EMR of the third person and the final
state of the EMR of the third person; and (D) applying a machine learning module to: (D)(1) a
transcript of the speech of the first person and the speech of the second person; and (D)(2) the
differences between the initial state of the EMR of the first person and the final state of the
EMR of the first person, to generate a mapping between: (a) the transcript of the speech of the
first person and the speech of the second person; and (b) the differences between the initial

state of the EMR and the final state of the EMR.
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[0004] The method may further include, before (B): (E) capturing the speech of the
first person and the speech of a second person to produce at least one audio signal representing
the speech of the first person and the speech of the second person; and (F) applying automatic
speech recognition to the at least one audio signal to produce the transcript of the speech of the
first person and the speech of the second person. The method may further include, before (B):
(G) identifying an identity of the first person; (H) identifying an identity of the second person;
and wherein (F) comprises producing the transcript of the speech of the first person and the
speech of the second person based on the identity of the first person, the identity of the second
person, and the speech of the first person and the speech of the second person. (F) may further
include associating the identity of the first person with a first portion of the transcript and
associating the identity of the second person with a second portion of the transcript.

[0005] Step (A) may include converting the initial state of the EMR into a text file.

[0006] Step (A) may include converting the initial state of the EMR of the first
person into a list of discrete medical domain model instances.

[0007] Step (B) may include converting the final state of the EMR of the first person
into a text file.

[0008] Step (B) may include converting the final state of the EMR of the first person
into a list of discrete medical domain model instances.

[0009] Step (C) may include using non-linear alignment techniques to identify the
differences between the initial state of the EMR of the first person and the final state of the
EMR of the first person.

[0010] The method may further include: (E) saving an initial state of an electronic
medical record (EMR) of a third person; (F) saving a final state of the EMR of the third person
after the EMR of the third person has been modified based on speech of the third person and
speech of a fourth person; (G) identifying differences between the initial state of the EMR of
the third person and the final state of the EMR of the third person; and (H) applying a machine
learning module to: (1) the transcript of the speech of the first person and the speech of the
second person; (2) the differences between the initial state of the EMR of the first person and
the final state of the EMR of the first person; (3) the transcript of the speech of the third person
and the speech of the fourth person; and (4) the differences between the initial state of the
EMR of the third person and the final state of the EMR of the third person; thereby generating
a mapping between text and EMR state differences.

[0011] Another aspect of the present invention is directed to a system comprising at
least one non-transitory computer-readable medium having computer program instructions

stored thereon for causing at least one computer processor to perform a method. The method
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includes, at a transcription job routing engine: (A) saving an initial state of an electronic
medical record (EMR) of a first person; (B) saving a final state of the EMR of the first person
after the EMR of the first person has been modified based on speech of the first person and
speech of a second person; (C) identifying differences between the initial state of the EMR of
the third person and the final state of the EMR of the third person; and (D) applying machine
learning to: (1) a transcript of the speech of the first person and the speech of the second
person; and (2) the differences between the initial state of the EMR of the first person and the
final state of the EMR of the first person, to generate a mapping between: (a) the transcript of
the speech of the first person and the speech of the second person; and (b) the differences
between the initial state of the EMR and the final state of the EMR.

[0012] Other features and advantages of various aspects and embodiments of the

present invention will become apparent from the following description and from the claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0013] The foregoing and other objects, aspects, features, and advantages of the
disclosure will become more apparent and better understood by referring to the following
description taken in conjunction with the accompanying drawings, in which:

[0014] FIG. 1 is a dataflow diagram of a system for generating training data for a
supervised machine learning module to map from speech of a physician and speech of a
patient to a final state of an Electronic Medical Record (EMR) of the patient according to one
embodiment of the present invention.

[0015] FIG. 2 is a flowchart of a method 200 performed by the system of FIG. 1
according to one embodiment of the present invention.

[0016] FIG. 3 is a dataflow diagram of a system for performing supervised learning
on training data to learn a mapping from a transcript to the differences between an initial EMR
state and a final EMR state according to one embodiment of the present invention.

[0017] FIG. 4 is a flowchart of a method performed by the system of FIG. 3
according to one embodiment of the present invention.

[0018] FIG. 5 is a diagram illustrating encodings of an initial EMR state, and an
internal hidden layer in a machine learning model according to one embodiment of the present

invention.
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DETAILED DESCRIPTION

[0019] As described above, when a physician or other healthcare professional
provides healthcare services to a patient or otherwise engages with a patient in a patient
encounter, the healthcare professional typically creates documentation of that encounter (such
as in the form of a clinical note), or a medical scribe may assist in creating the documentation,
cither by being in the room or listening to the encounter in real time via a remote connection or
by listening to a recording of the encounter. This removes some of the burden of a typical
workflow of many physicians, by taking step (3) of a typical physician workflow, below, out
of the physician’s responsibilities, and having the medical scribe perform that work, so that the
physician can focus on the patient during the physician-patient encounter. A typical physician
workflow when treating patients is the following:

(1) Prepare for the patient visit by reviewing information about the patient in an

Electronic Medical Record (EMR) system.

(2) Engage in the patient encounter, such as by:

a. Meeting with the patient in a treatment room.

b. Discussing, with the patient, the reason for the visit, any changes in the
patient’s health conditions, medications, etc.

c. Examining the patient.

d. Discussing the physician’s findings and plan with the patient.

¢. Entering any required follow up actions and medication orders into the EMR.

(3) Create a clinical report of the patient encounter, containing information such as the
care provided to the patient and the physician’s treatment plan, such as by any one or
more of the following:

a. Writing or speaking a free form text narrative, beginning with a blank editing
screen. If the physician speaks, the physician’s speech may be transcribed
verbatim into the editing screen using automatic speech recognition (ASR)
software.

b. Starting with a document template containing partial content, such as section
headings and partially completed sentences, and filling in the missing
information from the patient encounter, whether by typing or speaking, to
create a clinical note for the physician-patient encounter.

c. Using a structured data entry user interface to enter discrete data elements and
free form text into the patient’s EMR, such as by selecting discrete data
clements using buttons and drop-down lists, and typing or speaking free form

text into text fields.
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[0020] In general, embodiments of the present invention include computerized
systems and methods which learn how to update a patient’s EMR automatically, based on
transcripts of physician-patient encounters and the corresponding EMR updates that were
made based on those transcripts. As a resulting of this learning, the work required to update
EMRs based on physician-patient encounters may be partially or entirely eliminated.

[0021] Furthermore, embodiments of the present do not merely automate the work
that previously was performed by a physician, scribe, and other humans. Instead,
embodiments of the present invention include computer-automated methods and systems
which update patients’ EMRs automatically using techniques that are fundamentally different
than those currently used by humans to update EMRs. These techniques, which involve the
use of machine learning applied to a transcript of the physician-patient dialog and states of the
EMR before and after the EMR was updated based on the physician-patient dialogue, are
inherently rooted in computer technology and, when implemented in computer systems and
methods, result in an improvement to computer technology in the form of a computer that is
capable of automatically updating patient EMRs in a way that both improves the quality of the
EMR and that was not previously used (by humans or otherwise) to update EMRs.

[0022] One problem addressed and solved by embodiments of the present invention is
the problem of how to update a computer-implemented EMR to reflect the content of a
physician-patient dialog automatically (i.e., without human interaction). A variety of ways in
which embodiments of the present invention solve this problem through the use of computer-
automated systems and methods will now be described.

[0001] Referring to FIG. 1, a dataflow diagram is shown of a system 100 for
automatically generating a clinical report 150 (also referred to herein as a “transcript”) of an
encounter between a physician 102a and a patient 102b according to one embodiment of the
present invention. Referring to FIG. 2, a flowchart is shown of a method 200 performed by
the system 100 of FIG. 1 according to one embodiment of the present invention.

[0002] The system 100 includes a physician 102a and a patient 102b. More
generally, the system 100 may include any two or more people. For example, the role played
by the physician 102a in the system 100 may be played by any one or more people, such as
ong or more physicians, nurses, radiologists, or other healthcare providers, although
embodiments of the present invention are not limited to use in connection with healthcare
providers. Similarly, the role played by the patient 102b in the system 100 may be played by
any one or more people, such as one or more patients and/or family members, although
embodiments of the present invention are not limited to use in connection with patients. The

physician 102a and patient 102b may, but need not, be in the same room as each other or
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otherwise in physical proximity to each other. The physician 102a and patient 102b may
instead, for example, be located remotely from each other (e.g., in different rooms, buildings,
cities, or countries) and communicate with each other by telephone/videoconference and/or
over the Intemet or other network.

[0003] The system 100 also includes an encounter context identification module 110,
which identifies and/or generates encounter context data 112 representing properties of the
physician-patient encounter (FIG. 2, operation 202). The encounter context identification
module 110 may, for example, generate the encounter context data 112 based on information
received from the physician 102a and/or the patient 102b or an EMR. For example, the
physician 102a may explicitly provide input representing the identity of the physician 102a
and/or patient 102b to the encounter context identification module 110. The encounter context
identification module 110 may generate the encounter context data 112 using speaker
identification/verification techniques. As an example of speaker verification techniques, a user
may provide credentials to a log-in user interface (not shown), which the system 100 may use
to identify the speaker; the system 100 may also optionally verify that the speaker is
authorized to access the system 100. As another example, the user may provide credentials via
a speech-based speaker verification system. As another example, the patient 102b may
explicitly provide input representing the identity of the physician 102a and/or patient 102b to
the encounter context identification module 110. As another example, the encounter context
identification module 110 may identify the patient 102b based on data from another system,
such as an EMR or a scheduling system which indicates that the patient 102b is scheduled to
see the physician 102a at the current time.

[0004] Regardless of how the encounter context identification module 110 generates
the encounter context data 112, the encounter context data 112 may, for example, include data
representing any one or more of the following, in any combination:

e Patient context data representing information about the patient 102b that is known
before the patient encounter, such as any one or more of the following, in any
combination:

o The identity of the patient 102b.

o Demographic information about the patient 102b, such as gender and age.

o Medical information about the patient 102b, such as known past or current
problems, especially major health problems (e.g., cancer) or chronic
conditions, current and past medications, allergies, and recent lab values.

e Physician context data representing information about the physician 102a, such as

any one or more of the following, in any combination:
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The identity of the physician 102a.

The medical specialty and setting of care of the physician 102a.

Explicit preferences of the physician 102a, such as document templates to
be used, macro expansions (e.g., identifying a preference for expressing
routine findings, such as “.nfc” that should be expanded to “No fever or
chills™), rules for documenting specific procedures, and typing guidelines
(e.g., which terms to abbreviate and which terms to spell out fully).
Implicit preferences of the physician 102a, which may be derived
automatically by the system 100 based on previous clinical reports
associated with the physician 102a, such as verbosity and word choice of

the physician 102a.

e Patient encounter context, such as the reason for the visit, ¢.g., the patient 102b’s

chief complaint, the location of the encounter, and the type of the encounter (e.g.,

well visit, follow up after a procedure, scheduled visit to monitor a chronic

condition).

e  Work in progress data, such as any one or more of the following, in any

combination:

O

O

A partial clinical report 150 for the patient encounter, including the text of
the note, the current cursor position in the note, and the left and right
textual context of the cursor in the note.

The output of a natural language understanding subsystem for classifying
and/or encoding the semantic content of the partially generated clinical
report 150 as it is being typed.

The output of a dialog processing system (e.g., module 118).

[0005] Now assume that the physician 102a and patient 102b speak during the

physician 102a’s encounter with the patient 102b. The physician’s speech 104a and patient’s

speech 104b are shown as elements of the system 100. The physician 102a’s speech 104a

may, but need not be, directed at the patient 102b. Conversely, the patient 102b’s speech 104b

may, but need not be, directed at the physician 102a. The system 100 includes an audio

capture device 106, which captures the physician’s speech 104a and the patient’s speech 104b,

thereby producing audio output 108 (FIG. 2, operation 204). The audio capture device 106

may, for example, be one or more microphones, such as a microphone located in the same

room as the physician 102a and the patient 102b, or distinct microphones spoken into by the

physician 102a and the patient 102b. In the case of multiple audio capture devices, the andio
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output may include multiple audio outputs, which are shown as the single audio output 108 in
FIG. 1 for case of illustration.

[0006] The audio output 108 may, for example, contain only audio associated with
the patient encounter. This may be accomplished by, for example, the audio capture device
106 beginning to capture the physician and patient speech 104a-b at the beginning of the
patient encounter and terminating the capture of the physician and patient speech 104a-b at the
end of the patient encounter. The audio capture device 106 may identify the beginning and
end of the patient encounter in any of a variety of ways, such as in response to explicit input
from the physician 102a indicating the beginning and end of the patient encounter (such as by
pressing a “start” button at the beginning of the patient encounter and an “end” button at the
end of the patient encounter). Even if the audio output 108 contains audio that is not part of
the patient encounter, the system 100 may crop the audio output 108 to include only audio that
was part of the patient encounter.

[0007] The system 100 may also include a signal processing module 114, which may
receive the audio output 108 as input, and separate the audio output 108 into separate audio
signals 116a and 116b representing the speech 104a of the physician 102a and the speech 104b
of the patient 102b, respectively (FIG. 2, operation 206). The signal processing module 114
may use any of a variety of signal source separation techniques to produce the separated
physician speech 116a and the separated patient speech 116b, which may or may not be
identical to the original physician speech 104a and patient speech 104b, respectively. Instead,
the separated physician speech 116a may be an estimate of the physician speech 104a and the
separated patient speech 116b may be an estimate of the patient speech 104b.

[0008] The separated physician speech 116a and separated patient speech 116b may
contain more than just audio signals representing speech. For example, the signal processing
module 114 may identify the physician 102a (e.g., based on the audio output 108 and/or the
encounter context data 112) and may include data representing the identity of the physician
102a in the separated physician speech 116a. Similarly, the signal processing module 114 may
identify the patient 102b (e.g., based on the audio output 108 and/or the encounter context data
112) and may include data representing the identity of the patient 102b in the separated patient
speech 116b (FIG. 2, operation 208). The signal processing module 114 may use any of a
variety of speaker clustering, speaker identification, and speaker role detection techniques to
identify the physician 102a and patient 102b and their respective roles (e.g., physician, nurse,
patient, parent, carctaker).

[0009] The system 100 also includes an automatic speech recognition (ASR) module

118, which may use any of a variety of known ASR techniques to produce a transcript 150 of
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the physician speech 116a and patient speech 116b (FIG. 2, operation 210). The transcript 150
may include text representing some or all of the physician speech 116a and patient speech
116b, which may be organized within the transcript 150 in any of a variety of ways. For
example, the transcript 150 may include data (¢.g., text and/or markup) associating the
physician 102a with corresponding text transcribed from the physician speech 116a, and may
include data (¢.g., text and/or markup) associating the patient 102b with corresponding text
transcribed from the patient speech 116b. As a result, the speaker (¢.g., the physician 102a or
the patient 102b) who spoke any part of the text in the transcript 150 may be easily identified
based on the identification data in the transcript 150.

[0023] The system 100 may identify the patient’s EMR. The state of the patient’s
EMR before the EMR is modified (¢.g., by the scribe) based on the physician speech 116a,
patient speech 116b, or the transcript 150 is referred to herein as the “initial EMR state™ 152.
The system 100 includes an initial EMR state saving module 154, which saves the initial EMR
state 152 as a saved EMR state 156. The EMR state saving module 154 may, for example,
convert the initial EMR state 152 into text and save that text in a text file, or convert the mitial
EMR state 152 into a list of discrete medical domain model instances (¢.g., Fast Healthcare
Interoperability Resources (FHIR)) (FIG. 2, operation 212). The process of saving the saved
initial EMR state 156 may include, for example, extracting, modifying, summarizing,
converting, or otherwise processing some or all of the initial EMR state 152 to produce the
saved initial EMR state 156.

[0024] The scribe 158 updates the patient’s EMR in the normal manner, such as
based on the transcript 150 of the physician-patient dialog, the physician speech 102a, and/or
the patient speech 102b (FIG. 2, operation 214). The resulting updated EMR has a state that is
referred to herein as the “final EMR state” 160. The scribe 158 may update the patient’s EMR
in any of a variety of well-known ways, such as by identifying a finding, diagnosis,
medication, prognosis, allergy, or treatment in the transcript 150 and updating the initial EMR
state 152 to reflect that finding, diagnosis, medication, prognosis, allergy, or treatment within
the final EMR state 160.

[0025] The system 100 includes a final EMR state saving module 162, which saves
the final EMR state 160 as a saved final EMR state 164. The EMR state saving module 162
may, for example, convert the final EMR state 160 into text and save that text in a text file, or
convert the final EMR state 160 into a list of discrete medical domain model instances (e.g.,
FHIR) (FIG. 2, operation 216). The final EMR state saving module 162 may, for example,
generate the saved final EMR state 164 based on the final EMR state 160 in any of the ways
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disclosed above in connection with the generation of the saved initial EMR state 156 by the
initial EMR state saving module 154.

[0026] At this point, the system 100 includes three relevant units of data (e.g.,
documents): the transcript 150 of the physician-patient dialog, the saved initial EMR state 156,
and the saved final EMR state 164. Note that the creation of these documents need not impact
the productivity of the scribe 158 compared to existing processes. For example, even if the
transcript 150, saved initial EMR state 156, and saved final EMR state 164 are not saved
automatically, the scribe 168 may save them with as little as one mouse click each.

[0027] As will now be described in more detail, the transcript 150, saved initial EMR
state 156, and saved final EMR state 164 may be used as training data to train a supervised
machine learning algorithm. Embodiments of the present invention are not limited to use in
connection with any particular machine learning algorithm. Examples of supervised machine
learning algorithms that may be used in connection with embodiments of the present invention
include, but are not limited to, support vector machines, linear regression algorithms, logistic
regression algorithms, naive Bayes algorithms, linear discriminant analysis algorithms,
decision tree algorithms, k-nearest neighbor algorithms, neural networks, and similarity
learning algorithms.

[0028] More training data may be generated and used to train the supervised machine
learning algorithm by repeating the process described above for a plurality of additional
physician-patient dialogues. Such dialogues may involve the same or different patient. If they
involve different patients, then the corresponding EMRs may be different than the EMR of the
patient 102b. As a result, the training data that is used to train the supervised machine learning
algorithm may include training data corresponding to any number of physician-patient dialogs
involving any number of patients and any number of corresponding EMRs.

[0029] In general, and as will be described in more detail below, the use of both the
saved initial EMR state 156 and the saved final EMR state 164, instead of using only the saved
final EMR state 164, simplifies the complexity of mapping the physician-patient dialogue
transcript 150 to the final EMR state 164 significantly, because instead of trying to learn a
mapping directly from the transcript 150 to the final EMR state 164, the system 100 only has
to learn a mapping from the transcript 150 to the differences between the initial EMR state 156
and the final EMR state 164, and such differences will, in practice, be much simpler than the
final EMR state 164 as a whole.

[0030] Referring to FIG. 3, a dataflow diagram is shown of a system 300 for
performing supervised learning on the training data to learn a mapping from the transcript 150

to the differences between the initial EMR state 156 and the final EMR state 164 according to
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one embodiment of the present invention. Referring to FIG. 4, a flowchart is shown of a
method 400 performed by the system 300 of FIG. 3 according to one embodiment of the
present invention.

[0031] The system 300 includes a state difference module 302, which receives the
initial EMR state 156 and final EMR state 164 as input, and which computes the differences of
those states using, for example, non-linear alignment techniques, to produce as output a set of
differences 304 of the two states 156 and 165 (FIG. 4, operation 402). Such differences 304
may be computed for any number of corresponding initial and final EMR states. These
differences 304, in an appropriate representation, define the targets to be learned by a machine
learning module 306. The machine learning module 306 receives as input the saved initial
EMR state 156 (or an encoded saved initial EMR state 312, as described below) and
corresponding pairs of transcripts (which may or may not be encoded, as described below) and
corresponding EMR state differences (which may or may not be encoded, as described below),
such as the transcript 150 and corresponding state differences 304. The state differences 304
define the expected output for use in the training performed by the machine learning module
306. Based on these inputs, the machine learning module 306 may use any of a variety of
supervised machine learning techniques to learn a mapping 308 between the received inputs
(FIG. 4, operation 404).

[0032] FIG. 3 shows that the machine learning module 306 receives as input the
encoded transcript 310, encoded saved initial EMR state 312, and encoded state differences
314. Alternatively, however, the machine learning module 306 may receive as input the
unencoded versions of one or more of those inputs. For example, the machine learning
module may receive as input: (1) the transcript 150 or the encoded transcript 310; (2) the saved
initial EMR state 156 or the encoded saved initial EMR state 312; and (3) the state differences
304 or the encoded state differences 314, in any combination. Therefore, any reference herein
to the machine learning module 306 receiving as input one of the unencoded inputs (¢.g.,
transcript 150, saved initial EMR state 156, or state differences 304) should be understood to
refer equally to the corresponding encoded input (¢.g., encoded transcript 310, encoded saved
initial EMR state 312, or encoded state differences, respectively), and vice versa.

[0033] Once the mapping 308 has been generated, the mapping 308 may be applied
to subsequent physician-patient transcripts to predict the EMR state changes that need to be
made to an EMR based on those transcripts. For example, upon generating such a transcript,
embodiments of the present invention may identify the current (initial) state of the patient’s
EMR, and then apply the mapping 308 to the identified initial state to identify state changes to
apply to the patient’s EMR. Embodiments of the present invention may then apply the
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identified state changes to update the patient’s EMR accordingly and automatically, thereby
eliminating the need for a human to manually make such updates, with the possible exception
of human approval of the automatically-applied changes.

[0034] As described above, the mapping 308 may be generated based on one or more
physician-patient dialogues and corresponding EMR state differences. Although the quality of
the mapping 308 generally improves as the number of physician-patient dialogues and
corresponding EMR state differences that are used to train the mapping 308 increases, in many
cases the mapping 308 may be trained to a sufficiently high quality based on only a small
number of physician-patient dialogues and corresponding EMR state differences.
Embodiments of the present invention may, therefore, train and use an initial version of the
mapping 308 in the ways described above based on a relatively small number of physician-
patient dialogues and corresponding EMR state differences. This enables the mapping 308 to
be applied to subsequent physician-patient dialogues, and to achieve the benefits described
above, as quickly as possible. Then, as the systems 100 and 300 obtain additional physician-
patient dialogues and corresponding EMR state differences, the systems 100 and 300 may use
that additional data to further train the mapping 308 and thereby improve the quality of the
mapping 308. The resulting updated mapping 308 may then be applied to subsequent
physician-patient dialogues. This process of improving the mapping 308 may be repeated any
number of times. In this way, the benefits of embodiments of the present invention may be
obtained quickly, without waiting for a large volume of training data, and as additional
training data becomes available, that data may be used to improve the quality of the mapping
308 repeatedly over time.

[0035] As described above, the initial EMR state saving module 154 may save the
initial EMR state 152 as the saved initial EMR state 156, and the final EMR state saving
module 162 may save the final EMR state 160 as the saved final EMR state 164. The saved
initial EMR state 156 may be encoded in any of a variety of ways, such as in the manner
shown in FIG. 5.

[0036] FIG. 5 shows input 522 and output 502 which may be used to train an
autoencoder according to one embodiment of the present invention. The input 522 may, for
example, implement the saved initial EMR state. For ease of illustration and explanation, in
the example of FIG. 5, the input 522 encodes the saved initial EMR state 156 into a vector as
follows:

e A cell 524a contains binary data indicating whether the EMR indicates that the

patient has a peanut allergy. In this example, the value of 0 indicates that the

patient does not have a peanut allergy.
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e A cell 524b contains binary data indicating whether the EMR indicates that the
patient has a gluten allergy. In this example, the value of 1 indicates that the
patient does have a gluten allergy.

o A cell 524¢ contains integer data representing the patient’s weight in kilograms, as
indicated by the EMR. In this example, the value of 80 indicates that the patient
weighs 80 kilograms.

e Asctofcells 524d, 524e, and 524f encoding information about a prescription of
250 mg of Aspirin to the patient, as indicated by the EMR. In this example, cell
524d contains a value of 1, representing the active ingredient, acetylsalicylic acid;
cell 524¢ contains a value of 1, representing the dose form of the aspirin (e.g.,
spray, fluid, or tablet); and cell 524f contains a value of 250, representing the
number of milligrams in the prescription.

[0037] The parameters and parameter values illustrated in FIG. 5 are merely
examples and do not constitute limitations of the present invention. In practice, data in the
saved initial EMR state may contain any number and variety of parameters having any values.
Such parameters may be encoded in ways other than in the manner illustrated in FIG. 5.

[0038] As illustrated in FIG. 5, the encoding 522 of the saved initial EMR state 156
may be compressed, such as by using an autoencoder, and the resulting compressed version of
the state may be provided as input to the machine learning module 306.

[0039] In the example of FIG. 5, the encoding 522 is used as the input vector to train
the autoencoder, and an encoding 502 is used as an output vector to train the autoencoder.
Note that the output vector 502 has the same contents as the input vector 522 (i.e., cells 504a-f
of the output vector 502 contain the same data as the corresponding cells 524a-f of the input
vector 522). A hidden layer 512 has a lower dimension (e.g., fewer cells) than the input vector
522 and the output vector 502. In the particular example of FIG. 5, the input vector 522
contains six cells 524a-f and the hidden layer 512 contains three cells 514a-c, but this is
merely an example.

[0040] The autoencoder may be executed to learn how to reproduce the input vector
522 by leaming a lower-dimensional representation in the hidden layer 512. The result of
executing the autoencoder is to populate the cells of the hidden layer 512 with data which
represent the data in the cells 524a-f of the input layer 522 in compressed form. The resulting
hidden layer 512 may then be used as an input to the machine learning module 306 instead of
the saved initial EMR state 156. Similarly, the state differences 304 may be encoded with an
autoencoder, and its hidden layer 512 may be passed as the target (i.c. the expected outcome)

to the machine learning module 306.
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[0041] The example of FIG. 5 represents an encoding of discrete data. The saved
initial EMR state 156 and/or saved final EMR state 160 may also contain non-discrete data,
such as text blobs (e.g., clinical narratives) that were entered by a physician, such as by typing.
Text blobs do not have an upper bound on their length, which complicates their encoding.
Embodiments of the present invention may, for example use sequence-to-sequence models to
condense the narrative into a finite vector. Such a model may learn how to map an input
sequence to itself. A finite hidden representation may then be used as the input to the machine
learning module 306. Embodiments of the present invention may further improve such an
encoding by using word embeddings. Such word embeddings may, for example, be trained
independently on a large amount of clinical and non-clinical text, which may or may not
require supervised data. Embodiments of the present invention may use a similar sequence-to-
sequence modeling approach with appropriate word embeddings to encode the transcript 150.

[0042] Embodiments of the present invention have a variety of advantages. For
example, as described above, scribes typically manually update the patient’s EMR based on
the physician-patient encounter. Doing so is tedious, time-consuming, and error-prone.
Embodiments of the present invention address these shortcomings of existing techniques for
updating the patient’s EMR by learning how to automatically update the patient’s EMR, and
by then performing such automatic updating.

[0043] It is to be understood that although the invention has been described above in
terms of particular embodiments, the foregoing embodiments are provided as illustrative only,
and do not limit or define the scope of the invention. Various other embodiments, including
but not limited to the following, are also within the scope of the claims. For example,
elements and components described herein may be further divided into additional components
or joined together to form fewer components for performing the same functions.

[0044] Any of the functions disclosed herein may be implemented using means for
performing those functions. Such means include, but are not limited to, any of the components
disclosed herein, such as the computer-related components described below.

[0045] The techniques described above may be implemented, for example, in
hardware, one or more computer programs tangibly stored on one or more computer-readable
media, firmware, or any combination therecof. The techniques described above may be
implemented in one or more computer programs executing on (or executable by) a
programmable computer including any combination of any number of the following: a
processor, a storage medium readable and/or writable by the processor (including, for

example, volatile and non-volatile memory and/or storage elements), an input device, and an
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output device. Program code may be applied to input entered using the input device to
perform the functions described and to generate output using the output device.

[0046] Embodiments of the present invention include features which are only
possible and/or feasible to implement with the use of one or more computers, computer
processors, and/or other elements of a computer system. Such features are either impossible or
impractical to implement mentally and/or manually. For example, the system 100 and method
200 use a signal processing module 120 to separate the physician speech 116a and the patient
speech 116b from each other in the audio signal 110. Among other examples, the machine
learning module 306 performs machine learning techniques which are inherently rooted in
computer technology.

[0047] Any claims herein which affirmatively require a computer, a processor, a
memory, or similar computer-related elements, are intended to require such elements, and
should not be interpreted as if such elements are not present in or required by such claims.
Such claims are not intended, and should not be interpreted, to cover methods and/or systems
which lack the recited computer-related elements. For example, any method claim herein
which recites that the claimed method is performed by a computer, a processor, a memory,
and/or similar computer-related element, is intended to, and should only be interpreted to,
encompass methods which are performed by the recited computer-related element(s). Such a
method claim should not be interpreted, for example, to encompass a method that is performed
mentally or by hand (¢.g., using pencil and paper). Similarly, any product claim herein which
recites that the claimed product includes a computer, a processor, a memory, and/or similar
computer-related element, is intended to, and should only be interpreted to, encompass
products which include the recited computer-related element(s). Such a product claim should
not be interpreted, for example, to encompass a product that does not include the recited
computer-related element(s).

[0048] Each computer program within the scope of the claims below may be
implemented in any programming language, such as assembly language, machine language, a
high-level procedural programming language, or an object-oriented programming language.
The programming language may, for example, be a compiled or interpreted programming
language.

[0049] Each such computer program may be implemented in a computer program
product tangibly embodied in a machine-readable storage device for execution by a computer
processor. Method steps of the invention may be performed by one or more computer
processors executing a program tangibly embodied on a computer-readable medium to

perform functions of the invention by operating on input and generating output. Suitable
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processors include, by way of example, both general and special purpose microprocessors.
Generally, the processor receives (reads) instructions and data from a memory (such as a read-
only memory and/or a random access memory) and writes (stores) instructions and data to the
memory. Storage devices suitable for tangibly embodying computer program instructions and
data include, for example, all forms of non-volatile memory, such as semiconductor memory
devices, including EPROM, EEPROM, and flash memory devices; magnetic disks such as
internal hard disks and removable disks; magneto-optical disks; and CD-ROMs. Any of the
foregoing may be supplemented by, or incorporated in, specially-designed ASICs (application-
specific integrated circuits) or FPGAs (Field-Programmable Gate Arrays). A computer can
generally also receive (read) programs and data from, and write (store) programs and data to, a
non-transitory computer-readable storage medium such as an internal disk (not shown) or a
removable disk. These elements will also be found in a conventional desktop or workstation
computer as well as other computers suitable for executing computer programs implementing
the methods described herein, which may be used in conjunction with any digital print engine
or marking engine, display monitor, or other raster output device capable of producing color or
gray scale pixels on paper, film, display screen, or other output medium.

[0050] Any data disclosed herein may be implemented, for example, in one or more
data structures tangibly stored on a non-transitory computer-readable medium. Embodiments
of the invention may store such data in such data structure(s) and read such data from such

data structure(s).
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CLAIMS

1. A method performed by at least one computer processor executing computer

program instructions tangibly stored on at least one non-transitory computer-readable medium,

the method comprising, at a transcription job routing engine:

(A)
(B)

©

(D)

saving an initial state of an electronic medical record (EMR) of a first person;
saving a final state of the EMR of the first person after the EMR of the first
person has been modified based on speech of the first person and speech of a
second person;

identifying differences between the initial state of the EMR of the third person
and the final state of the EMR of the third person; and

applying a machine learning module to: (1) a transcript of the speech of the
first person and the speech of the second person; and (2) the differences
between the initial state of the EMR of the first person and the final state of
the EMR of the first person, to generate a mapping between: (a) the transcript
of the speech of the first person and the speech of the second person; and (b)
the differences between the initial state of the EMR and the final state of the
EMR.

2. The method of claim 1, further comprising, before (B):

(E)

(F)

capturing the speech of the first person and the speech of a second person to
produce at least one audio signal representing the speech of the first person
and the speech of the second person; and

applying automatic speech recognition to the at least one audio signal to
produce the transcript of the speech of the first person and the speech of the

second person.

3. The method of claim 2, further comprising, before (B):

(G)
(H)

identifying an identity of the first person;

identifying an identity of the second person; and

wherein (F) comprises producing the transcript of the speech of the first person and

the speech of the second person based on the identity of the first person, the identity of the

second person, and the speech of the first person and the speech of the second person.
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4. The method of claim 3, wherein (F) further comprises associating the identity of the
first person with a first portion of the transcript and associating the identity of the second

person with a second portion of the transcript.

5. The method of claim 1, wherein (A) comprises converting the initial state of the

EMR into a text file.

6. The method of claim 1, wherein (A) comprises converting the initial state of the

EMR of the first person into a list of discrete medical domain model instances.

7. The method of claim 1, wherein (B) comprises converting the final state of the

EMR of the first person into a text file.

8. The method of claim 1, wherein (B) comprises converting the final state of the

EMR of the first person into a list of discrete medical domain model instances.

9. The method of claim 1, wherein (C) comprises using non-linear alignment
techniques to identify the differences between the initial state of the EMR of the first person
and the final state of the EMR of the first person.

10. The method of claim 1, further comprising:
(E) saving an initial state of an electronic medical record (EMR) of a third person;
F saving a final state of the EMR of the third person after the EMR of the third
person has been modified based on speech of the third person and speech of a
fourth person;
(€)) identifying differences between the initial state of the EMR of the third person
and the final state of the EMR of the third person; and
H applying the machine learning module to:
@) the transcript of the speech of the first person and the speech of the
second person;
2) the differences between the initial state of the EMR of the first person
and the final state of the EMR of the first person;
3) the transcript of the speech of the third person and the speech of the

fourth person;
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4) the differences between the initial state of the EMR of the third person
and the final state of the EMR of the third person;
thereby generating a mapping between text and EMR state differences.

11. A system comprising at least one non-transitory computer-readable medium

having computer program instructions stored thereon for causing at least one computer

processor to perform a method, the method comprising, at a transcription job routing engine:

(A)
(B)

©

(D)

saving an initial state of an electronic medical record (EMR) of a first person;
saving a final state of the EMR of the first person after the EMR of the first
person has been modified based on speech of the first person and speech of a
second person;

identifying differences between the initial state of the EMR of the third person
and the final state of the EMR of the third person; and

applying a machine learning module to: (1) a transcript of the speech of the
first person and the speech of the second person; and (2) the differences
between the initial state of the EMR of the first person and the final state of
the EMR of the first person, to generate a mapping between: (a) the transcript
of the speech of the first person and the speech of the second person; and (b)
the differences between the initial state of the EMR and the final state of the
EMR.

12. The system of claim 11, wherein the method further comprises, before (B):

(E)

(F)

capturing the speech of the first person and the speech of a second person to
produce at least one audio signal representing the speech of the first person
and the speech of the second person; and

applying automatic speech recognition to the at least one audio signal to
produce the transcript of the speech of the first person and the speech of the

second person.

13. The system of claim 12, wherein the method further comprises, before (B):

(G)
(H)

identifying an identity of the first person;

identifying an identity of the second person; and

wherein (F) comprises producing the transcript of the speech of the first person and

the speech of the second person based on the identity of the first person, the identity of the

second person, and the speech of the first person and the speech of the second person.
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14. The system of claim 13, wherein (F) further comprises associating the identity of
the first person with a first portion of the transcript and associating the identity of the second

person with a second portion of the transcript.

15. The system of claim 11, wherein (A) comprises converting the initial state of the

EMR into a text file.

16. The system of claim 11, wherein (A) comprises converting the initial state of the

EMR of the first person into a list of discrete medical domain model instances.

17. The system of claim 11, wherein (B) comprises converting the final state of the

EMR of the first person into a text file.

18. The system of claim 11, wherein (B) comprises converting the final state of the

EMR of the first person into a list of discrete medical domain model instances.

19. The system of claim 11, wherein (C) comprises using non-linear alignment
techniques to identify the differences between the initial state of the EMR of the first person
and the final state of the EMR of the first person.

20. The system of claim 11, wherein the method further comprises:
(E) saving an initial state of an electronic medical record (EMR) of a third person;
F saving a final state of the EMR of the third person after the EMR of the third
person has been modified based on speech of the third person and speech of a
fourth person;
(€)) identifying differences between the initial state of the EMR of the third person
and the final state of the EMR of the third person; and
H applying the machine learning module to:
@) the transcript of the speech of the first person and the speech of the
second person;
2) the differences between the initial state of the EMR of the first person
and the final state of the EMR of the first person;
3) the transcript of the speech of the third person and the speech of the

fourth person;
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4) the differences between the initial state of the EMR of the third person
and the final state of the EMR of the third person;
thereby generating a mapping between text and EMR state differences.
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