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(57) ABSTRACT

Embodiments generate medical support text, e.g., assess-
ments and plans, based on patient medical data. One such
embodiment begins by receiving medical data for a given
patient. Next, a patient knowledge graph for the given
patient is generated based on the received medical data and
an expanded graph is generated by expanding the patient
knowledge graph based upon supplementary data. In turn,
the medical support text for the given patient is generated
based upon the expanded graph.

T Receive medical data for a given patient
222~ _ Generate a knowledge graph for the given
patient based on the received medical data
923 Generate an expandsad graph by expanding
™1 the generated knowledge graph based upon
supplementary data
224~ Generate medical support text for the given

patient based upon the expanded graph
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A NEURAL GRAPH MODEL FOR
AUTOMATED CLINICAL ASSESSMENT
GENERATION

GOVERNMENT SUPPORT

[0001] This invention was made with government support
under contract number RO1HL.125089 from the National
Institutes of Health. The government has certain rights in the
invention.

RELATED APPLICATION

[0002] This application claims the benefit of U.S. Provi-
sional Application No. 63/086,528, filed on Oct. 1, 2020.
The entire teachings of the above application are incorpo-
rated herein by reference.

BACKGROUND

[0003] Electronic health records (EHRs) are used by hos-
pitals in the United States and other countries, resulting in an
unprecedented amount of digital data or EHRs associated
with patient encounters. Rich clinical information is docu-
mented in the EHRs. As such, in recent years, secondary use
of EHRs has helped advance EHR-related computational
approaches to foster precision medicine and a learning
health system.

SUMMARY

[0004] While rich clinical information is documented in
EHRs, and EHR-related computational approaches have
been developed, improved functionality is needed to better
utilize the wealth of information that is available from
EHRs.

[0005] One of the fundamental goals of artificial intelli-
gence is to build computer-based expert systems. Inferring
clinical diagnoses to generate a clinical assessment and/or
plan during a patient encounter is a crucial step towards
building a medical diagnostic system. Previous works were
mainly based on either medical domain specific knowledge,
or patients’ prior diagnoses and clinical encounters.

[0006] Embodiments go further and implement an inno-
vative graph neural network to leverage the information in
EHRs to generate medical support text, e.g., a medical
assessment or plan. An embodiment utilizes a new model for
an automated clinical assessment generation. Embodiments
implement and employ an innovative graph neural network,
where rich clinical knowledge is incorporated into an end-
to-end corpus-learning system.

[0007] One such embodiment, treats assessment genera-
tion as a concept-to-text generation problem. First, such an
embodiment generates a local or patient-specific concept
graph by natural language processing the free text of the
subjective and objective sections of an EHR. The patient-
specific concept graph is then expanded with background
knowledge extracted from an external and comprehensive
knowledge resource, such as the Unified Medical Language
System (UMLS). Once the concept-graph is developed, an
embodiment, which is trained end-to-end, generates the
medical support text from the expanded concept graph.
[0008] Embodiments may normalize concepts. For
example, “MI”, “myocardial infarction,” and “heart attack”
can be mapped in graphs utilized by embodiments to the
same concept to mitigate out of-vocabulary errors. In
embodiments, the patient-specific concept graph helps gen-
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erate the reasons for the diagnosis, and the expanded concept
graph with the background knowledge helps infer novel text
(diagnosis, assessment, and plan text) not described in the
input text (e.g., chief complaint, subjective, and/or objective
sections of the EHR).

[0009] Another embodiment is directed to a method for
generating medical support text based on patient medical
data. The method begins by receiving medical data for a
given patient and, in response, generating a patient knowl-
edge graph for the given patient, based on the received
medical data. Next, the method generates an expanded graph
by expanding the patient knowledge graph based upon
supplementary data. In turn, medical support text for the
given patient is generated based upon the expanded graph.
[0010] According to an embodiment, the received medical
data includes text describing medical symptoms for the
given patient. According to an embodiment, the received
medical data is patient medical data in a text format. In an
embodiment, receiving the medical data comprises access-
ing an EHR database and obtaining an EHR for the given
patient from the accessed database, wherein the obtained
EHR comprises the medical data for the given patient.
According to an embodiment, the obtained EHR is struc-
tured to include: a chief complaint, subjective data regarding
the given patient, objective data regarding the given patient,
an assessment of the given patient, and a treatment plan for
the given patient.

[0011] An embodiment generates the patient knowledge
graph based on the received medical data by natural lan-
guage processing the received medical data. In an embodi-
ment, natural language processing the received medical data
includes extracting concept-relation-concept triples from the
data.

[0012] According to an embodiment, the generated patient
knowledge graph is a graph indicating relations between
concepts in the received medical data. Similarly, in another
embodiment, the supplementary data used for the expanding
is a concept graph. According to another embodiment,
expanding the generated patient knowledge graph based
upon the supplementary data comprises computing a graph
union of the patient knowledge graph and the concept graph.
In such an embodiment the graph union is the expanded
graph. Further, according to another embodiment, the con-
cept graph is an external medical knowledge concept graph.
[0013] Various techniques may be implemented in
embodiments to expand the knowledge graph. For example,
in an embodiment, the expansion is implemented by per-
forming a maximum inner product search (MIPS) of a
patient database to identify one or more patients similar to
the given patient. In turn, medical data for the identified one
or more patients similar to the given patient is obtained and
the generated patient knowledge graph is expanded using the
obtained medical data for the identified one or more patients
similar to the given patient. In such an embodiment, the
obtained medical data for the identified one or more patients
may include at least one of: diagnoses ICD codes for the
identified one or more patients; assessments for the identi-
fied one or more patients; and treatment plans for the
identified one or more patients.

[0014] In another embodiment, the patient knowledge
graph is expanded by first obtaining lab, diagnosis, and
medication codes for one or more previous medical appoint-
ments for the given patient. Next, at least one of a medica-
tion code and a diagnosis code for a future medical appoint-
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ment for the given patient are predicted based on the
obtained lab, diagnosis, and medication codes. In turn, the
generated patient knowledge graph is expanded based upon
the predicted at least one medication code and diagnosis
code for the future medical appointment.

[0015] According to an embodiment, the generated sup-
port text is natural language text. Moreover, in an embodi-
ment, the generated support text is a medical assessment for
the given patient. Further, in yet another embodiment, the
generated support text is a treatment plan for the given
patient.

[0016] Another embodiment is directed to a computer
system for generating medical support text. The system
includes a processor and a memory with computer code
instructions stored thereon. In such an embodiment, the
processor and the memory, with the computer code instruc-
tions, are configured to cause the system to implement any
embodiments or combination of embodiments described
herein.

[0017] Yet another embodiment is directed to a computer
program product implementation. The computer program
product includes a non-transitory computer-readable
medium with computer-readable program instructions
stored thereon. The instructions, when executed by a pro-
cessor, cause the processor to implement any embodiments
or combination of embodiments described herein.

[0018] It is noted that while embodiments are described
herein as being implemented to generate medical support
text, embodiments are not so limited and may be employed
to generate text in any field. In particular, embodiments can
be applied in any domain to go from text to graph to text. For
example, embodiments can be applied to dialogue systems.
In such implementations embodiments could be used to
implement an automated teacher assistant that infers a new
question for a student or an automated phone service that
helps find the best department for a user based on the user’s
question. Embodiments can also be employed to implement
a system that infers a future event based on the current facts
(e.g., if we know a series of physical events (weather related,
geological, spread of disease, plight, famine, etc.), what
would be a future event/effect or state in the series of
physical events).

BRIEF DESCRIPTION OF THE DRAWINGS

[0019] The foregoing will be apparent from the following
more particular description of example embodiments, as
illustrated in the accompanying drawings in which like
reference characters refer to the same parts throughout the
different views. The drawings are not necessarily to scale,
emphasis instead being placed upon illustrating embodi-
ments.

[0020] FIG. 1 depicts an electronic health record that may
be utilized in embodiments.

[0021] FIG. 2 is a flow diagram of a method for generating
medical support text according to an embodiment.

[0022] FIG. 3 is a simplified depiction of a concept graph
and relations therein that may be generated in embodiments.
[0023] FIG. 4 is a schematic diagram of a graph to text
framework in which embodiments may be implemented.
[0024] FIG. 5 is a schematic diagram of an encoder that
may be employed in embodiments.

[0025] FIG. 6 is a schematic diagram of a decoder that
may be employed in embodiments.

Nov. 23,2023

[0026] FIG. 7 is a schematic view of a computer network
environment in which embodiments may be deployed.
[0027] FIG. 8 is a block diagram of'a computer node in the
network of FIG. 7.

DETAILED DESCRIPTION

[0028] A description of example embodiments follows.
[0029] As noted above, electronic health records (EHR)
are widely used by hospitals and care providers in the United
States and other countries. As a result, there is an unprec-
edented amount of digital medical data regarding patient
encounters and medical treatment. In recent years, second-
ary use of this data has helped advance EHR-related com-
putational approaches to foster precision medicine and a
learning health system (Evans, 2017).

[0030] Rich clinical information is documented in the
EHRs. Among many structures and formats in EHRs, a
problem-oriented SOAP (Subjective, Objective, Assess-
ment, and Plan) structure is commonly used by providers
(Podder et al., 2020). FIG. 1 illustrates an example of a
SOAP note 100 for an outpatient encounter. The note 100
includes a chief complaint section 101, a subjective section
102, and objective section 103. The note 100 also includes
an assessment section 104 and plan section 105.

[0031] Typically, chief complaint 101 includes a brief
description of a patient’s conditions and the reasons for the
visit. The subjective section 102 is a detailed report of the
patient’s current conditions, such as source, onset, and
duration of symptoms, mainly based on the patient’s self-
reporting. The subjective section 102 also usually includes a
history of present illness and symptoms, current medica-
tions, and allergies. The objective section 103 documents
results of physical exam findings, laboratory data, vital
signs, and descriptions of imaging results. The assessment
section 104 typically contains medical diagnoses and rea-
sons that lead to medical diagnoses. The assessment section
104 is typically based on the content from the chief com-
plaint 101, the subjective section 102, and the objective
section 103. The plan section 105 addresses treatment plans
based on the assessment 104.

[0032] Inferring clinical diagnosis to generate an assess-
ment and plan is a crucial step during doctor-patient encoun-
ters. Attempts have been made to automatically determine
assessments and plans, but these attempts have been inad-
equate.

[0033] Earlier systems are mainly knowledge based and
typically rely upon decision rules. Machine learning
approaches have been developed, mainly using longitudinal
electronic health records to predict ICD codes (Subotin and
Davis, 2014; Amoia et al., 2018), the diagnostic codes
assigned to EHRs after each patient’s visit or encounter.
However, ICD codes are used mainly for billing purposes
and have limitations (e.g., incomplete assignment) when
used as diagnoses labels (O’malley et al., 2005).

[0034] Embodiments propose an alternative task. Instead
of predicting ICD codes, embodiments build an expert
system by directly generating medical assessments and
plans. Embodiments accomplish the task of automated
assessment and plan text generation using supervised
machine-learning. Specifically, an embodiment system’s
input is the free-text of an EHR, e.g., chief complaint section
101, subjective section 102, and objective section 103, and
the output is the assessment text 104 and/or plan text 105.
One such embodiment relies on a supervised machine learn-
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ing model that is trained based on the SOAP-structured EHR
notes as a text to text generation natural language processing
(NLP) application. Embodiments solve numerous chal-
lenges to provide this text to text generation, including: (i)
the variable length of assessments and (ii) the verbose nature
of the subjective and objective sections of EHRs.

[0035] The length of assessments in EHRs varies, from
being short to being verbose. This is because the assessment
is mainly inferred (not a mere summary) from the corre-
sponding subjective and objective sections, and the assess-
ment also includes reasons for diagnoses and, thus, the
overlap between the input and output word tokens is small.
EHR data used in embodiments shows that there is only
12.8% word overlap between subjective and objective sec-
tions and the corresponding assessments. This makes the
text generation a challenging NLP task. In addition to both
the subjective and objective sections being verbose, these
sections contain abundant medical jargon, many of which
are sparse (with low term frequency) and therefore, are
susceptible to being be considered out-of-vocabulary words
to the artificial intelligence or expert system implementing
the text generation.

[0036] A strong baseline model for automated assessment
generation is a Pointer-Generator model N2MAG (Hu et al.,
2020). Although the model helps mitigate the out-of-vo-
cabulary challenge, it does not address the challenge of
limited word overlap between the subjective and objective
sections and the assessment and plan.

[0037] Therefore, embodiments propose a new method for
automated clinical assessment generation, which generates a
patient assessment and plan using a knowledge graph. One
such embodiment treats assessment/plan generation as a
concept-to-text generation problem.

[0038] An example embodiment first builds a local or
patient-specific concept graph by NLP-processing the free
text of the subjective and objective sections. This patient-
specific concept graph is then expanded with background
knowledge extracted from an external and comprehensive
knowledge resource, such as the Unified Medical Language
System (UMLS) (Bodenreider, 2004). Once the concept-
graph is built, the method generates the assessment and plan
from the built concept graph. This assessment and plan text
generation is performed by a model, e.g., a decoder, that is
trained end-to-end as further detailed below.

[0039] Embodiments mitigate both challenges mentioned
above. First, the embodiments described herein provide
concept normalization to mitigate the out-of-vocabulary
word challenge. Further, the patient-specific concept graph
generated by the embodiments helps generate the reasons for
the diagnosis, and the expanded concept graph with the
background knowledge helps infer novel text (diagnosis) not
described in the input text (i.e., chief complaint, subjective
and objective sections).

[0040] Embodiments are built on an innovative graph
neural network, where rich clinical knowledge is incorpo-
rated into an end-to-end corpus-learning system. The system
(embodiments) learn to generate assessment and plan text
from objective and subjective sections of a medical graph.
The system generates novel content for the assessment text
including differential diagnoses or other important related
discussions that do not appear in the input text. The new
functionality described herein generates the medical support
text, i.e., assessment and plan, using a knowledge graph.
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[0041] Advantageously, embodiments provide a novel
method of using a knowledge-graph to generate EHR texts.
Further, the knowledge graph of embodiments incorporates
not only the local or patient specific concept relations
extracted directly from EHR notes, but also rich background
knowledge from other sources of relevant data, e.g., an
external medical knowledge graph. Moreover, extensive
experiments described hereinbelow, show that both the
graph neural network architecture and expanded medical
background information graph of embodiments improves
accuracy of the generated assessment and plan.

Existing Work

Text Generation In EHR

[0042] Motivated by sharing EHR note data without com-
promising patient privacy information, a body of work in
EHR-related text generation focused on generating synthetic
EHR notes. However, most of this work uses discrete
features or text data as input while, in comparison, embodi-
ments use a graph of discrete features connected together
with relations. Choi et al. (2017) proposed generating syn-
thetic patient records using a combination of an autoencoder
and generative adversarial networks (GAN). However, this
Choi method only generates high-dimensional discrete vari-
ables (e.g., diagnosis, medication, or procedure codes) that
act as patient records for secondary analysis instead of free
text. Lee (2018) developed an encoder-decoder framework
where the encoder’s input consisted of numerous discrete
variables (e.g., age and ICD codes), and the output of the
decoder was chief complaint text. Guan et al. (2018) used
the same GAN framework to generate the chief complaint
using its EHR note text as the input, but not the structured
graph data formats that embodiments utilize. While most
previous works generated short EHR text (usually less than
30 words) from either discrete variables or free text, embodi-
ments target a novel task: generating document-wise text
from a medical graph that is generated based on the text of
medical record(s).

[0043] Another existing work, Hu et al. (2020), proposed
an augmented attention-over-attention pointer-generator
network to summarize the content from the subjective and
objective sections of medical records. However, this sum-
marization approach generates short and concise summaries.
While the diagnosis information can be copied and pasted
from the input text, the Hu model is limited in its ability to
generate novel content, which in embodiments, include
differential diagnoses or other important related discussions
that do not appear in the input text.

Structured Data To Text

[0044] Wiseman et al. (2017) studied the challenges of
applying neural networks to the data-to-text task. Wiseman
introduced a large-scale dataset where a text review of a
basketball game is paired with tables of team and player
statistics (points, field goals, rebounds, etc.). However, these
tasks focused on text generation from tables, where relation
information is not included.

[0045] Due to the success of transformer models in appli-
cations such as machine translation and graph neural net-
works, there has been a recent trend to generate longer text
(such as paragraph-length text) from structured data. One
such example is Koncel-Kedziorski et al,, 2019, which
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introduced a graph to text task by collecting 40,000 Seman-
tic Scholar Corpus taken from the proceedings of Al con-
ferences. Given a knowledge graph constructed by an auto-
matic information extraction system and a scientific article’s
title, the goal of Koncel-Kedziorski is to generate a corre-
sponding abstract. However, the Koncel-Kedziorski graph
only captures relevant information parallel to the text, but
not extra information from the background.

Methods

[0046] Embodiments solve the problems of the aforemen-
tioned existing methods and provide novel functionality for
generating medical assessments and plans.

[0047] FIG. 2 is a flow chart of one such example method
220. The method 220 is computer implemented and may
executed using any computing structure known in the art.
Further, embodiments of the method 220 may be imple-
mented in the framework 440 described hereinbelow in
relation to FIG. 4.

[0048] The method 220 begins at step 221 by receiving
medical data for a given patient. The method 220 is com-
puter implemented and, as such, the medical data may be
received at step 221 from any storage memory that can be
communicatively coupled to a computing device imple-
menting the method 220. For instance, in an embodiment,
receiving the medical data 221 comprises the computing
device implementing the method 220 accessing an EHR
database via a network and obtaining an EHR for the given
patient from the accessed EHR database. In such an embodi-
ment, the obtained EHR comprises the medical data for the
given patient. In another embodiment, the medical data is
received at step 221 via patient or physician input on an
online form or interface.

[0049] The medical data received at step 221 can be any
data related to the given patient and be in any form, e.g., free
text. According to an embodiment of the method 220, the
medical data received at step 221 includes text describing
medical symptoms for the given patient. In another embodi-
ment, the medical data received at step 221 is structured in
the same manner as the SOAP note 100 described herein-
above in relation to FIG. 1. In particular, such received
medical data includes: (i) a chief complaint, (ii) subjective
data regarding the given patient, (iii) objective data regard-
ing the given patient, (iv) an assessment of the given patient,
and (v) a treatment plan for the given patient.

[0050] To continue, at step 222, the method 220 generates
a patient knowledge graph for the given patient based on the
received medical data. According to an embodiment, the
patient knowledge graph generated at step 222 is a graph
indicating relations between concepts in the medical data
received at step 221. An embodiment of the method 220
generates the patient knowledge graph at step 220 by natural
language processing the received medical data. According to
an embodiment, such natural language processing includes
extracting concept-relation-concept triples from the medical
data received at step 221. At step 222 in an embodiment
where the received medical data is a structured SOAP note
(an example of which is shown in FIG. 1), the method 220
generates the patient knowledge graph based on the received
medical data by natural language processing both (i) the
subjective data and (ii) the objective data. In an embodi-
ment, natural language processing both the subjective and
objective data includes extracting concept-relation-concept
triples from the subjective data and objective data. In turn,
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the relationships between these extracted concept-relation-
concept triples are embodied in a graph. In an embodiment,
at step 222, the method 220 employs the encoders described
herein to create the knowledge graph for the patient. For
instance, such an embodiment may utilize the encoders 445
and/or 545 described hereinbelow in relations to FIGS. 4 and
5, respectively.

[0051] To illustrate the functionality of generating 222 a
patient knowledge graph, consider the particular examples
in FIGS. 1 and 3. In this illustrative example, the medical
data received at step 221 is the SOAP note 100 shown in
FIG. 1. At step 222, natural language processing is per-
formed on the soap note 100 and the patient information
relations 331 shown in FIG. 3 are extracted. Specifically, the
relations 331a “patient—allergic—lantus insulin,” 3315
“patient—has—type 2 diabetes,” and 331¢ “patient—want-
—weight loss.” Continuing the functionality of step 222, the
relations 331a-c are organized into the concept graph 330. It
is noted that the concept graph 330 depicted in FIG. 3 is an
expanded concept graph that is described in further detail
hereinbelow. However, the concept graph generated at step
222 is similar to the graph 330, but in this illustrative
example, only embodies the relations 331a-c.

[0052] To continue the method 220, at step 223, an
expanded graph is generated by expanding the patient
knowledge graph based upon supplementary data. In
embodiments of the method 220, the supplementary data
may be any such additional data that a user wants considered
in generating medical support text. For instance, the supple-
mentary data may be data extracted from MedlinePlus
and/or UMLS SNOMED. Various techniques may be imple-
mented in embodiments of the method 220 to expand the
knowledge graph at step 223.

[0053] In an embodiment, the supplementary data is a
concept graph. In such an embodiment, expanding 223 the
generated patient knowledge graph based upon the supple-
mentary data comprises computing a graph union of the
patient knowledge graph generated step 222 and the concept
graph supplementary data. In such an embodiment, the
graph union is the expanded graph.

[0054] In another embodiment, the supplementary data is
an external medical knowledge concept graph, i.e., a graph
showing the relationships between medical concepts. Such
an embodiment expands 223 the graph generated at step 222
with the external medical knowledge concept graph by
computing the union of the two graphs, the graph generated
at step 222, and the external medical knowledge concept
graph.

[0055] According to another embodiment, the graph from
step 222 is expanded at step 223 by first performing a
maximum inner product search (MIPS) of a patient database
to identify one or more patients similar to the given patient.
It is noted that while step 222 is described as using MIPS as
a similarity measure to identify one or more patients similar
to the given patient, embodiments are not so limited, and
may utilize any similarity measurement techniques known to
those of skill in the art. Second, medical data for the
identified one or more patients similar to the given patient is
obtained. Third, the patient knowledge graph generated at
step 222 is expanded at step 223 using the obtained medical
data for the identified one or more patients. In such an
embodiment, the obtained medical data for the identified one
or more patients may include at least one of: diagnoses ICD
codes for the identified one or more patients; assessments for
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the identified one or more patients; and treatment plans for
the identified one or more patients.

[0056] In another embodiment of the method 220, the
patient knowledge graph is expanded at step 223 by first
obtaining lab, diagnosis, and medication codes for one or
more previous medical appointments for the given patient.
Next, at least one of a medication code and a diagnosis code
for a future medical appointment for the given patient are
predicted based on the obtained lab, diagnosis, and medi-
cation codes. This prediction can be performed in a plurality
of different ways. For instance, one such embodiment uses
a knowledge graph in SNOMED CT. Such an embodiment
may determine from the previous medical appointment data
that a drug, DrugA, treats a disease. The SNOMED CT
graph may show that DrugB also treats the disease. At the
current appointment, the patient indicates that she had an
allergic reaction to DrugA. Based upon the SNOMED CT
graph, such an embodiment can infer that DrugB is going to
replace DrugA. Another embodiment makes the prediction
by predicting a new node or concept using the functionality
described in U.S. Pat. No. 10,628,748. Yet another embodi-
ment uses a pretrained end-to-end model, such as G-BERT.
To continue, the patient knowledge graph (from step 222) is
expanded based upon the predicted at least one medication
code and diagnosis code for the future medical appointment.
[0057] An embodiment expands the graph at step 223
using an external general knowledge graph through use of
graph addition. In another embodiment, node prediction or
link prediction methodologies, such as TransE described at
https://ojs.aaai.org/index.php/AA Al/article/view/8870, are
used to expand the patient’s knowledge graph.

[0058] To illustrate the expansion implemented at step
223, once again consider the functionality illustrated in FIG.
3. In this example, the supplementary data used for expan-
sion is the common medical knowledge 332. Here the
supplemental data 332 includes the concept relations 332a-c
extracted from the UMLS database and the concept relation
332d extracted from the MedlinePlus database. The relevant
supplemental data 332 indicates “saxenda—streat—type 2
diabetes” 332a, “saxenda—salternate—>lantus insulin” 3325,
“lantus insulin—treat—type 2 diabetes” 332¢, and “saxen-
da—treat—weight loss” 332d4. These concept relations
332a-d are incorporated into the concept graph 330 which,
at step 222, only included the concept relations 331a-c. An
embodiment incorporates the concept relations 332a-d into
the concept graph 330 by computing a graph union.
[0059] In an embodiment, at step 223, the method 220
employs the encoders described herein to create the
expanded graph. For instance, such an embodiment may
utilize the encoders 445 and/or 545 described hereinbelow in
relations to FIGS. 4 and 5, respectively.

[0060] Returning to FIG. 2, the method 220 continues by
generating 224 the medical support text for the given patient
based upon the expanded graph. According to an embodi-
ment, the generated 224 support text is natural language text.
In an embodiment, the generated 224 support text is a
medical assessment for the given patient. Further, in yet
another embodiment, the generated 224 support text is a
treatment plan for the given patient. An embodiment of the
method 220 employs the decoders described herein at step
224 to generate the medical support text. For instance, such
an embodiment may utilize the decoders 448 and/or 648
described hereinbelow in relation to FIGS. 4 and 6, respec-
tively. The medical support text generated at step 224 can be
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used for a plurality of different applications. For example,
the generated text can be used to provide clinical decision
support. In such applications, the text can assist medical
providers with diagnosing patients and prescribing treatment
plans, e.g., medications. The generated text can also be used
by medical providers to identify other care providers, e.g.,
specialists, to whom to refer patients. Further, the medical
support text can provide patient-centric support. The gener-
ated text can help patients identify materials that support
their goals, e.g., diet products, to help prevent negative
clinical outcomes.

[0061] Another embodiment implements a new end-to-
end model for automated medical assessment and plan
generation. Such an embodiment treats assessment and plan
generation as a text-graph-text generation problem, which
allows knowledge grounding. FIG. 4 shows an example
embodiment framework 440 that provides this functionality.
FIG. 4 shows an example model according to an embodi-
ment that uses the encoder-decoder framework 440. Instead
of a typical text-input encoder for text generation, the
framework 440 uses a graph transformer as an encoder 445.
In the framework 440, the input is a SOAP note 441 of a
patient. In such an embodiment, the encoder 445, i.e., graph
transformer, integrates a patient’s prior medical history 444,
information regarding patients with similar conditions 442,
and external medical knowledge 443 with the input sections
441 from an EHR for the patient to create the graph 447
centered around the patient entity 446.

[0062] In the framework 440, for a patient visit, the
framework 440 first identifies the subjective and objective
(SO) sections 441 of the SOAP note. An embodiment uses
MetaMap to identify clinical concepts from the SO sections
441, from which Open IE is used (Stanovsky et al., 2018) to
generate the patient specific concept graph (not shown). In
the framework 440, the patient specific concept graph is
augmented with common medical knowledge data 443, e.g.,
UMLS and MedlinePlus data, using concept relations in
SNOMED-CT (Donnelly, 2006). The framework 440 uses
Open IE (Stanovsky et al., 2018), to extract a concept graph
from the medical knowledge data 443, e.g., MedlinePlus,
and then augments the patient’s concept graph with the data
443. For potential medical knowledge that is not in the
external knowledge resource data 443 (UMLS and Medlin-
ePlus), the framework 440 identifies patients with similar
conditions and injects the similar patient data 442 for
knowledge inference. Specifically, for a patient specific
information 442 graph x at n,, visit, the framework 440 uses
Maximum Inner Product Search (MIPS) to find the top-K
similar subjective and objective parts from EHR of patient
encounter z, and, then, retrieves the assessment/plan sections
of each similar patient encounter for the downstream assess-
ment generation/plan of patient visit n.

[0063] To incorporate previous patient encounters 444, the
framework 440 uses a separate transformer encoder that
takes in structured codes from previous visits to predict the
assessment/plan code. Specifically, given a patient’s demo-
graphics information, lab, diagnosis, and medication codes
of the previous (n-1) visits, the framework 440 uses a
transformer encoder to predict diagnosis and medication
codes for the nth visit for the given patient (the patient for
which an assessment/plan is being determined). This pre-
diction can be considered as an external concept graph and
be incorporated by computing a graph union, or can be
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incorporated as an additional attention over attention (a
model described in Hu et al., 2020).

[0064] Through the aforementioned functionality, the
framework 440 integrates a patient’s prior medical history
444, information from patients with similar conditions 442,
and external medical knowledge 443 with sections 441 from
an EHR for the patient, to form the graph 447 centered
around the patient entity 446. This graph 447 is encoded by
the encoder 445 and passed to the decoder 448. In an
embodiment, the encoder 445 is a model that learns from the
input (text or graph), and transforms the input into a repre-
sentation of the input. An encoder can be used as a classifier
to identify whether the input is relevant or not relevant. The
decoder 448 can take the encoder 445 representation and
output a sequence, including graph or text.

[0065] For final assessment or plan prediction y 449, the
decoder 448 of the framework 440 treats the combined
graphs/codes embedding 447 mentioned above as a latent
variable from four different sources, SOAP note sections
441, medical knowledge data 443, similar patient data 442,
and the patient’s prior medical data 444, and marginalizes
over the seq2seq predictions end-to-end to generate the
assessment and/or plan 449. Such functionality marginalizes
the four different sources of data, SOAP note sections 441,
medical knowledge data 443, similar patient data 442, and
the patient’s prior medical data 444 which may be in
disagreement.

[0066] EHR Cohorts

[0067] Embodiments may utilize, e.g., for training and text
generation, data from any desired EHR cohorts. Amongst
others, embodiments can utilize the VHA cohort and Pitts
cohort.

[0068] One such embodiment utilizes longitudinal EHR
data from the U.S. Department of Veterans Affairs. The U.S.
Department of Veterans Affairs is composed of 1,255 health-
care facilities (sites), including 170 Veterans Affairs Medical
Centers, and 1,074 outpatient facilities (noa, 2021). The
VHA (Veterans Health Administration) EHR cohort com-
prises all patients between the ages 18 and 90 who were
admitted for secondary care to medical or surgical services
from the beginning of October 2015 to the end of September
2019 and for whom there was at least one year of electronic
health record data before admission. The VHA EHR cohort
has a total of 8,208,742 patients and 306,243,564 clinical
visits. An embodiment utilizes note types from the VHA
cohort, as shown in Table 1, that have the explicit SOAP
structure. These notes are included in the VHA cohort,
which is composed of a total 0f 3,273,627 notes (from a total
of 1,658,035 patients) with the SOAP structure.

[0069] The VHA cohort also includes structured data, such
as the International Statistical Classification of Diseases
(ICD) codes, Current Procedural Terminology (CPT) codes,
laboratory results (including—but not limited to—biochem-
istry, hematology, cytology, toxicology, microbiology, and
histopathology), medications and prescriptions, orders, vital
signs, and health factors. In an implementation of an
embodiment, data access to the cohort data and computing
is conducted using the secure workspace at the VA Infor-
matics and Computing Infrastructure (VINCI).

[0070] Another cohort that can be employed in embodi-
ments is the Pitts cohort. This Pitts cohort which can be
made available, via a MOU agreement with the University
of Pittsburgh BL.ULab, includes a total of 7,839 and 6,718
de-identified discharge summaries and progress notes from
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patients receiving care at the University of Pittsburg hospital
system between years 2007 and 2008. An embodiment, is
trained on the VHA cohort and evaluated using the Pitts
cohort. Such functionality may entail training using the
SOAP structured EHR notes from the VHA cohort.

[0071] Table 1 provides a summary of the VHA and Pitts
cohort data and notes the note types, numbers of total notes,
and notes with the SOAP structure.

TABLE 1
Note Type Total SOAP Percentage
primary care note 60,257 35,694 59.24%
primary care urgent care note 1,662,418 904,401 54.40%
primary care outpatient note 849,378 234,324 27.59%
nutrition dietetics 12,464 7,395 59.33%
nutrition note 24,139 13,790 57.13%
progress note 139,966 92,693 66.23%
discharge summary 344,974 58,372 16.92%
mental health note 539,731 227,590 42.17%
psychiatry note 687,652 440,869 64.11%
dentistry note 2,499,138 1,217,933 48.73%
optometry note 190,726 40,566 21.27%
total 7,010,843 3,273,627 46.69%

Concept Graph

[0072] Embodiments generate and employ a concept
graph for assessment and plan generation. In an embodi-
ment, the concept graph is generated based on text extracted
from a medical record, e.g., a SOAP note, and augmented
with external medical knowledge.

[0073] One such embodiment, builds a concept graph used
later for assessment generation by first building a local or
patient specific information graph. An embodiment first
builds a local or patient specific concept graph by NLP
processing the free text of the SOAP note. An example
embodiment performs the NLP processing on the subjective
and objective sections to create a graph for generating an
assessment, and performs the NLP processing on the sub-
jective, objective, and assessment sections to create a graph
for generating a plan. This patient-specific concept graph is
then expanded with external medical knowledge extracted
from resources for external medical knowledge. What fol-
lows is first a description of resources for external medical
knowledge and then a description of how to create the
concept graph for embodiments.

Resources For External Medical Knowledge

[0074] The Unified Medical Language System (UMLS)
(Boden-reider, 2004) is the largest biomedical resource
managed by the U.S. National Library of Medicine (NLM).
It is a set of files and software that brings together health and
biomedical vocabularies to enable interoperability between
computer systems. The UMLS includes the Metathesaurus,
a large biomedical thesaurus organized by concept and
concept relations from nearly 200 different vocabularies.
The UMLS incorporates the Systematized Nomenclature of
Medicine Reference Terminology and Clinical Terms Ver-
sion (SNOMED-CT) (Donnelly, 2006), the most compre-
hensive collection of clinical terminology comprising 340,
000 concepts and their relations. MetaMap (Aronson, 2001)
is a tool, also developed by NLM, that maps biomedical text
to the UMLS Metathesaurus. An embodiment uses
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MetaMap to identify clinical concepts from EHR notes, and
then forms the concept graph with their corresponding
concept relations in the SNOMED-CT. For example, the
underlined terms in the SOAP note 101 of FIG. 1 can be
mapped to the UMLS concepts, and their concept relations
form the concept graph generated at step 222 of the method
220 described hereinabove in relation to FIG. 2.

[0075] The UMLS Metathesaurus is organized by a
semantic network, comprising 127 semantic types and 54
semantic relations between semantic types. Each Metathe-
saurus concept is assigned at least one semantic type.
Embodiments can also include concept relations between
semantic types.

[0076] MedlinePlus (Miller et al., 2000), also developed
by NLM, is a collection of high quality health information.
Medline Plus describes symptoms, causes, treatments, and
prevention information of over 1000 diseases, illnesses,
health conditions, and wellness issues. Embodiments can
use Open IE (Stanovsky et al., 2018) to extract external
medical knowledge from MedlinePlus to augment, i.e.,
expand, a patient’s concept graph. For example, Medlin-
ePlus includes the description that “Liraglutide injection
(Saxenda) is used along with a reduced calorie diet and
exercise plan to help people who are obese or who are
overweight and have weight related medical problems to
lose weight and to keep from gaining back that weight.” This
description can be used to extract a relation, i.e., the relation
332d, between Saxenda and weight loss and this relation
332d can then be used to augment patient’s concept graph.

Concept Identification and Concept Graph

[0077] To build a concept graph, for instance at step 222
of FIG. 2, an embodiment first builds a patient specific
information graph by extracting concept-relation-concept
triples from text in the subjective and objective sections for
assessment and in the subjective, objective, and assessment
sections of the patient’s EHR for generating a plan.

[0078] An embodiment uses OPENIE (Stanovsky et al.,
2018) to extract triples, each of which consists of a subject
(usually the patient), object, and the open domain relation
between the subject and object specified in the text. In
embodiments, the patient specific information graph typi-
cally shares most of the patient’s key clinical information
stated in the subjective and objective sections of each EHR,
including past diagnosis, symptoms, current medications,
and allergies, amongst other information.

[0079] An embodiment also implements functionality to
increase word overlap between the subjective and objective
sections and the assessment section. To do so, an embodi-
ment applies the Unified Medical Language System
(UMLS) (Bodenreider, 2004) to build a background medical
knowledge graph. The UMLS includes a large biomedical
thesaurus that is organized by concept (meaning) and con-
cept relations from nearly 200 different professional medical
vocabularies. This functionality allows nodes, like symp-
toms, diagnosis, and treatment, to be linked together, which
constitute the relevant background knowledge for a patient.
[0080] Before building a medical concept graph for each
EHR, an embodiment first extracts all medical relevant
entities as key clinical info. One such embodiment uses
MetaMap (Aronson and Lang, 2010) to identify all key
medical phrases and maps the identified key medical phrases
to certain medical concepts, referred to as Concept Unique
Identifiers (CUIs) in the Unified Medical Language System.
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Such an embodiment may employ such functionality to
reduce the variations in natural language and to ensure the
accuracy of clinical meanings captured by the triples
extracted from the EHR.

[0081] One such implementation maps the free text to the
UMLS concepts (CUIs) and then identifies the relation
between the concepts. For example, “MIL,” “myocardial
infarction” and “heart attack” can now be mapped to the
same concept. This mapping also mitigates the out-of-
vocabulary word (e.g., MI) challenge. An embodiment uses
MetaMap (Aronson, 2001) to identify all UMLS concepts.
The patient’s concept graph can then be augmented with
concept relations extracted from the UMLS and the Med-
linePlus databases. One such embodiment uses Open IE
(Stanovsky et al., 2018) to extract concept relation triples
from MedlinePlus. The use of MetaMap allows such an
embodiment to associate extracted lexicons with their con-
ceptual semantics, since words and phrases will be mapped
to the same CUIs if they are semantically equivalent.
[0082] To build a patient specific information graph G, an
embodiment uses OPENIE (Stanovsky et al., 2018) to
extract all relevant relations mentioned in the text (the
patient’s EHR). In an implementation, only triples where
CUIs exist are included because they represent key clinical
info with respect to the specific patient. Since sentences
from EHR text are not necessarily written in a grammatical
manner, or with clear subject-predicate-object structure, an
embodiment may rely on matching rules to identify spans of
text corresponding to the symptomatic and other personal
information of each patient (gender, age, etc.). In an example
embodiment, the matching rules indicate the subject is the
“who” or “what” of the sentence, the predicate is the verb,
and the object is any noun or concept that is part of the action
of the subject.

[0083] To build a background medical knowledge graph
G,, an embodiment uses the UMLS SNOMED Clinical
Terms Database (Bodenreider, 2004) to search for all poten-
tial connections between every pair of CUIs, i.e., concepts.
If a 1-hop connection is found (i.e., two concepts or nodes
in a graph are connected directly), it is included in both the
new entity and relations to the graph.

[0084] To continue, such an embodiment combines nodes
and relations from both the background medical Knowledge
graph Gb and patient specific information graph G, into a
combined information graph G, by computing the graph
union (G=G,UU G,).

Similar Patient Profile

[0085] A successful framework for knowledge based
expert systems is Case Based Reasoning (CBR) (Chatto-
padhyay et al.,, 2013). By utilizing case based reasoning,
embodiments can recapitulate previous assessments or plans
of similar patients to infer the diagnosis or treatment of a
new case. CBR mimics the way doctors make a diagnosis.
Given a new patient, CBR’s accuracy in practice depends on
successful retrieval of similar cases. An embodiment learns
a better graph representation of each patient and builds a
concept graph by learning from similar patients. In contrast
to models that store knowledge in their parameters, this
approach explicitly exposes the role of medical knowledge
by asking the model to decide what knowledge to retrieve
and use during inference. Before making each prediction,
the language model uses a retriever (i.e., an element con-
figured to perform information retrieval) to retrieve similar
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patient data based on their labs and symptoms from a data
cohort, e.g., the VHA cohort, and then uses those similar
patients’ corresponding assessments or plans to help inform
a prediction.

[0086] In order to introduce similar patient assessment or
plan data, an embodiment employs a retrieval augmented
generation method that combines both pretrained parametric
memory (such as parameters in GAT as knowledge) and
non-parametric memory (such as medical knowledge graph,
similar patient as knowledge) for language generation. An
embodiment can use the input graph G, to retrieve similar
patient encounter graphs z and can use the retrieved graphs
7 as additional context when generating the target sequence
y (i.e., the assessment or plan being generated).

[0087] As shown in FIG. 4, an embodiment can combine
two components: (i) an encoder 445 and a decoder 448. In
an embodiment, the encoder, e.g., encoder 445, is configured
with parameters that returns (top-K truncated) similar
patient’s encounter graphs given a query G,. In an embodi-
ment, the decoder, e.g., the decoder 448, is parametrized by
0 that generates a current token based on a context of the
previous i-1 tokens, the original input Gy, and a retrieved
patient encounter graph z.

[0088] To train the encoder and decoder end-to-end, an
embodiment treats the retrieved patient specific graph as a
part of a latent variable that is marginalized to get the
seq2seq probability P(yIG,) via a top-K approximation as
shown in Equation 12. This decoder will be discussed
in-depth in the later section.

[0089] In order to find the potential candidate patient
encounters who have similar symptoms and lab results as
indicated in the subjective and objective sections of the
EHR, e.g., the data 442, the encoder P (zIG) ranks patient
encounters by relevancy where a higher probability score
represents a higher relevancy between a potential candidate
patient encounter and original query patient encounter. This
encoder will follow a siamese bi-encoder architecture as
shown in Equation 1:

P.(zIG,) xexp(d(2)7q(G.)) d(z)=GAT(z) ¢(G.)~GAT
G )

where d(z) is a dense representation of potential relevant
patient encounter produced by a Graph Attention Neural
Network (GAT) graph encoder, and q(Gs) is the original
patient graph representation produced by a query encoder,
also based on GAT. Calculating top-k(P,(*IG,)), the list of k
patient encounter z with highest prior probability P (z Gs),
is a maximum inner product search (MIPS) problem, which
can be approximately solved in sub-linear time.

[0090] To get the complete representation of the patient,
e.g., generate the patient graph at step 222 and expand the
patient graph at step 223, an embodiment combines nodes
and relations from 3 sources: the background external medi-
cal concept graph G, patient specific information graph G,
and retrieved relevant patient graph G,, into a combined
information graph G, by computing the graph union (G=G,
UG,UG,). An embodiment, may also consider the patient’s
prior medical history (444) and incorporate this data into the
graph G. After obtaining a complete graph G, an embodi-
ment uses GAT to encode this graph G into high dimension
embedding c, that represents contextual information stored
in all nodes and relations from the graph G.
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[0091] As for the decoder text-generation part, the decoder
can be modelled using any pre-existing NLP encoder-de-
coder architecture. The decoder functionality is discussed in
detail below.

Incorporating Longitudinal Information

[0092] A patient’s prior medical history is important for
his current or future clinical profile. A patient’s prior medical
history is described in the patient’s longitudinal EHRs
(EHRs from previous visits). While such EHRs can be
simply appended to each other sequentially and inputted to
pretrained language models, such an approach would result
in a longer text length that may exceed the limit of those
pretrained language models. Hence, a more memory effi-
cient method is needed to represent each patient encounter.
Embodiments provide such functionality.

[0093] There has been a substantial amount of research in
predictive modeling using longitudinal EHRs. Using a
reverse time attention mechanism and a recurrent neural
network, RETAIN (Choi et al., 2016) built an interpretable
predictive model for heart failure using structured longitu-
dinal data. Patient2Vec (Zhang et al., 2018a) added self-
attention within each clinical visit and between visits. This
led to the longitudinal representation for each patient.
BEHRT (Li et al., 2020) developed pretrained models to
predict disease based on the BERT’s masked language
model. These pretrained models use positional embeddings
to represent longitudinal visits. Recently, BART (Lewis et
al., 2020) was introduced for text generation applications.
BART’s autoregressive decoder has shown significant
improvements in NLP applications such as machine trans-
lation, summarization, and QA. Due to its text generation
advance, embodiments can be based on the BART model,
and use the BERT model as a strong baseline model. Such
an embodiment may use the BART functionality to predict
future diagnoses from past EHRs. Further, it is noted that
embodiments are not limited to utilizing the BART func-
tionality and embodiments may utilize other encoders and
decoders.

[0094] To predict future clinical diagnoses from a patient’s
previous visits, an embodiment first obtains clinical struc-
tured data such as abnormal labs 1, diagnosis d, and medi-
cation m, from the EHR records for these previous visits.
This clinical structured data, 1, d, and m can be represented
as a sequence of multivariate observations for the patient:
X={x,, X, . . ., X,} where t is the number of previous visits
for the patient. Here, to better represent each patient’s visits
X,, an embodiment uses three main structured codes
x,=1,Ud,Um, where the patient’s abnormal lab list 1,, diag-
nosis list d,, and medication list m, is a complete dictionary
set of lab codes L, diagnosis codes D, medication codes M,
respectively. In order to better predict the diagnosis code for
later visits, an embodiment builds a new pretrained code
model, which focuses on this code prediction problem and
this model is used to predict future diagnosis a patient will
have.

[0095] Given a patient’s history X, ., ,, and lab codes at
visit t, such a model is trained to predict multiple diagnosis
and medications by generating a multi-label output y*€0.1
(PUM) This problem is similar to a self-supervised pretrain-
ing objective in the NLP domain where word tokens can be
replaced by the structured codes in embodiments described
herein. One such example embodiment uses a BART (Lewis
et al., 2020) based model to solve this problem.
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[0096] Similar to self-supervised tasks where the BART
(Lewis et al., 2020) model is trained by corrupting tokens in
a document, an embodiment is trained by corrupting codes
in a patient’s record then optimizing a reconstruction loss:
the cross-entropy between the decoder’s output and the
original visit. Since this approach can be considered as an
enhancement for assessment or plan generation, an embodi-
ment may only mask diagnosis and medication codes to
recover later, because lab codes do not usually occur in
assessment or plan section of EHR. Similar to BART (Lewis
et al.,, 2020), an embodiment utilizes a multi-layer trans-
former architecture. The model takes the masked code as
input and derives a code embedding for the last visit:

Xet) (2)

where transformer is a multiple layer encoder decoder model
with parameters to be trained. Thus, for the self-prediction
task, according to an embodiment, the code embedding c,
can be learned from random initialization and then by
minimizing the loss below:

c,=transformer(x,X,, . . .

L=—logP (d,/h,) —logP (m,h,) (3)

[0097] By minimizing the loss, an embodiment can pre-
train a large code model which has the ability to infer
diagnosis and recommended drug code for future patient
visits based on the codes from the patient’s previous visits.
These inferred, i.e., predicted, diagnosis and drug codes can
then be used to augment the patient’s concept graph, e.g., at
step 223.

Graph To Text

[0098] After generating the graph G, the graph G is then
used to generate the assessment or plan. One such embodi-
ment first applies a graph neural network to the knowledge
graph G using an encoder-decoder framework, e.g., the
encoder-decoder framework 440 shown in FIG. 3. In an
embodiment, given a knowledge graph constructed by an
automatic information extraction system as described above
and, optionally the patient’s chief complaint, the framework
is used to generate a corresponding assessment or plan in
text.

Encoder—Graph Attention Neural Network

[0099] This section provides an in-depth description of a
Graph Attention Neural Network (GAT) that may be
employed in embodiments and provides a description of
how embodiments can modify an adjacency matric to find
potential relations between two entities.

[0100] To encode the graph G (the graph described above
that is based upon the data 441, 442, 443, and 444), an
embodiment uses GAT. First, such an embodiment obtains
an embedding matrix. This may be done using the last
hidden state of a bidirectional recurrent neural network
(RNN) run over embeddings of each word in the entity
phrase to associate a node (mostly multiple words in a
medical phrase) to the graph with a continuous representa-
tion. Such an implementation may use RNN to represent an
entity using a vector representation with a plurality of
dimensions, e.g., 200. R

[0101] The output of this embedding step is a matrix
H%={h,"h,% . .. h,"}e R”, (where N is the number of
nodes in the graph G and D is the number of features in each
node) which will serve as input (layer 0) to the graph
transformer model. The layer then produces a new set of
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node features H'={h,'}h,', . . . hy'}.h,’e R 7, as its first
layer output. This step can be repeated for multiple layers to
embed the graph extensively.

[0102] In order to better encode the input features into
next-level features, an embodiment uses extra parameters.
First, a linear transformation is carried out using two weight
matrices, W e R”*" to obtain a query matrix, and W e
R ?>P to obtain a key matrix. Then, such an embodiment
performs a self-attention to compute attention coefficients
which indicate the importance of node j’s features to node i.

e(h,h j) =(Wth)TWKhj 4

[0103] To continue, in order to match attention weights to
a probability from O to 1, a softmax operation is used to
re-scale the importance of all neighboring nodes N, of node
i.

exple(h;, h;)) ®
D e P, 1))

ay =

[0104] Once attention weight o is obtained, the contex-
tualized representation h; of node 1 is obtained from attend-
ing over the connected nodes weighted by attention weight.
To stabilize the learning process of self-attention, such an
embodiment employs multi-head attention.

, ©
hy=hi+ |kK:1(Zj€NQ/x}WII§]”j)

[0105] In equation 6, denotes the concatenation of the K
attention heads, N, denotes in neighborhood of node i, W &
R ”>” is used to obtain a value matrix. In such an embodi-
ment, by using concatenating from all heads, the returned
output, h',, will comprise KxD' features (rather than D') for
each node. An embodiment uses an adjacency matrix A with
weights that has zeros where connections are not allowed,
and ones where connections are allowed to represent neigh-
borhood. According to an embodiment neighborhood is an
entity and relations centered around an entity, e.g., a con-
cept.

W= b+ 15 (Aot Whh) M

[0106] Similar to their work (Vaswani et al., 2017), such
an embodiment can use block networks, which consists of a
feedforward network with a non-linear transformation and
layer normalization, to reduce the dimension back to D'.
This stacking method enables information to propagate
through the majority of the graph. In an embodiment, blocks
are stacked L times to encode information among L hop
nodes, with the layernorm output of layer 1-1 taken as the
input to layer 1. The final output matrix H*={h,“h %, . . .
h,*}, h,” € R” represents contextual information stored in
all nodes and relations from the concept graph, e.g., the
graph G generated based on the patient’s EHR 441 and
expanded based on the data 443, 442, and 444.

[0107] In order to find potential relations between two
entities, an embodiment relaxes graph connectivity restric-
tions by allowing more parameter weight updates between
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different layers in the GAT. Specifically, instead of a strict
adjacency matrix A made from a pre-existing knowledge
base like SNOMED-CT, an embodiment uses a learnable
adjacency matrix with more potential connections allowed
and creates a customized mask when calculating attention
weights which loosely follow the external knowledge. For
example, assume treatment codes are connected to diagnosis
codes, but less so to other treatment codes. Based on this
assumption, an embodiment can create a customized mask
when calculating attention weights that has negative infini-
ties where connections are less likely, and zeros where
connections are highly likely.

[0108] An embodiment may also encode the chief com-
plaint section using a BiLSTM for chief complaint word
embedding P={,.p;, . . . .plcl} where Icl is the length of a
chief complaint sentence. Such an embodiment uses a Bil-
STM encoder instead of a graph encoder because chief
complaint text is usually concise and each word contains a
significant amount of information.

[0109] FIG. 5 is a schematic diagram of an encoder 545
that may be employed in embodiments. The encoder 545
takes a SOAP note 550 as input and uses the MetaMap
functionality 551 to identify key medical phrases in the
SOAP note 550 to the CUIs 552. This mapping between
phrases in the soap note 550 and the CUIs 552 is then
processed using OpenlE 553 to generate the patient specific
graph 554. Further, OpenlE 553 is used to process the
MedlinePlus data 555 and UMLS data 556 to generate the
medical knowledge graph 557.

[0110] To continue, the encoder 545 uses MIPS 558 to find
similar subjective and objective sections 559 and similar
patient diagnoses ICD codes 560. The data 559 and 560 may
be combined into a graph and combined, e.g., via graph
union 561 with the graphs 554 and 557 to form the patient
graph 562.

[0111] The encoder 545 also takes the patient’s demo-
graphics information 563, lab, diagnosis and medication
codes of the previous (n-1) visits 564a and 564n and uses a
transformer encoder (not shown) to predict diagnosis and
medication codes 565 for the next visit.

[0112] The union graph 562 (which may include the graph
560 (graph of similar patient diagnoses ICD codes)) is
processed with the GAT network 568 and the results matrix
of this processing are concatenated 566 with the predicted
data 565 matrix to form the graph 567 that can be processed
by the downstream decoder to predict a next word in an
assessment or plan.

Decoder

[0113] In order to generate an accurate assessment or plan
based on the patient and background information input, an
embodiment trains an attention-based decoder with a copy
mechanism to extract relevant content from both the knowl-
edge graph and the chief complaint.

[0114] At each decoding timestep t, an embodiment uses
decoder hidden state st to compute context vectors c, for the
graph and context vectors c, for the chief complaint
sequence.

[0115] To compute context vectors c, for the graph, an
embodiment uses an approach similar to the approach shown
in equations 2 and 3. However, instead of using a specific
node as the query to be centered, such an embodiment
replaces the specific node with decoder hidden state s, of
previous timestep t. Moreover, instead of using a neighbor-
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hood centered around a node, such an embodiment allows
hidden representation from last layer hjL from every node V
to attend on query.

®

ca=si+ ||51LZQ§W{;G},§]
=

_ exp(e(s,, hf)) ®

;=
/ ZkeVexp(e(s,, hi))

[0116] Further, an embodiment calculates context vectors
c, for chief complaint sequence P using the equations below:

(10
cs =5+l | D AWhrp;

=7l
__ owels p)) an
T D SR P

[0117] Here, W and W - are separate trainable decoder
weights that differ query, key, value in the encoder.

[0118] To predict the next hidden state, an embodiment
constructs the final context vector by concatenation c,=
[clc,]. Such an embodiment then uses an input-feeding
decoder where both s, and c, are passed as input to the
calculate the next timestep hidden state s, ;. To predict the
next word in abstract, the probability of each next token is
calculated by scaling [s/lc,] to the vocabulary size with
another weight matrix and taking a softmax.

[0119] FIG. 6 is a simplified diagram of a decoder 648 that
may be utilized in embodiments. The encoder 648 takes the
graph 667, which may be the graph 567 from the encoder
545 and uses a graph transformer 660 and attention 661
(implemented using equations 8-11) to compute context
vectors c, 662 for the graph 667. The decoder 648 also takes
the chief complaint 663 and processes the chief complaint
663 with the chief complaint encoder 664 and attention 661
to generate the context vector c; 665 for the chief complaint
663. The context vectors 662 and 665 are concatenated 666
to generate final context vector 666 c,.

[0120] The decoder 648 is input feeding and both previous
timestep hidden state s, 669 and the context vector 666 are
passed as input to calculate the next timestep hidden state
670. To generate the next word in the assessment/plan, the
context vector ¢, 666 and s, 669 are concatenated 671 and
then feed into a decoder architecture, such as LSTM or
Transformer Decoder, to generate the probability of the next
word among all words in predefined vocabulary. Since
words in chief complaint 663 usually occur in the assess-
ment/plan, an embodiment uses a copy mechanism 672 to
increase the probability among words in chief complaint.
After the final vocabulary distribution is obtained, the
decoder 648 uses a softmax distribution 673 to get the
highest word probability and uses this as the next word w,
674 in the assessment/plan being generated.

[0121] Another embodiment uses a decoder configured to
generate an assessment or plan using all of the data
described herein, e.g., the EHR data 441, similar patient data
442, medical knowledge data 443, and patient prior history
data 444. In order to generate an accurate assessment or
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plan, such an embodiment first unifies the patient represen-
tations based on the graphs discussed above. Specifically,
such an embodiment concatenates the patient specific infor-
mation graph embedding ¢, with previous visit code embed-
ding c, to obtain the final patient embedding r. This final
patient embedding r will contain information from four
different sources: patent specific information, external medi-
cal knowledge, similar patient assessment, and previous visit
prediction.

[0122] To train the encoder and decoder end-to-end, an
embodiment treats the final patient embedding r as a latent
variable that is marginalized to get the seq2seq probability
P(ylG,) via a top-K approximation as shown in equation 12:

PYIG)=2 cropin,(*1G0) Py(@IGIL Po(ylny 1.i1) 12

[0123] The decoder module Py(ylr,y, .,.,) can be modelled
using any pre-existing decoder module. An embodiment
uses BART-large (Lewis et al., 2020) which is a pretrained
seq2seq transformer with 400M parameters. BART-large has
achieved the state-of-the-art results on a diverse set of
generation tasks in the general NLP domain.

[0124] Meta Learning

[0125] Although the VHA cohort comprises a sizable
amount of training data (1,658,035 patients), there are
thousands of diseases and conditions including common
diseases, such as diabetes, and a long tail of less common or
rare diseases, such as Huntington’s disease. In addition,
there are millions of domain specific clinical concepts
(Bodenreider, 2004). Although the knowledge enriched
graph transformer model of embodiments may mitigate such
data sparsity and domain divergence challenges, an embodi-
ment may also implement a meta-learning framework to
further improve the assessment and plan generation.
[0126] Recent studies have integrated graphs into meta-
learning. Focused on node classification, Meta-GNN (Zhou
et al., 2019) used gradient-based meta-learning with task
sampling. Meta-GNN classifies an unseen label set by
observing other label sets in the same graph. To learn an
unseen graph from other graphs with the same label set, GFL,
(Yao et al., 2020) learned a transferable metric space
between nodes and the prototype of each class with a graph
autoencoder. Focused on the task of link prediction, Meta-
Graph (Bose et al., 2020) used graph signature functions
learned from other label sets across multiple graphs. These
algorithms, however, require message passing on the entire
graph, which reduces the scalability and their effectiveness
on inductiveness. Further, these existing methods focus on
the general graph domain problems like AMINER citation
(Tang et al., 2008), reddit post link dataset (Hamilton et al.,
2017), and protein-protein interaction (Zitnik and Leskovec,
2017), not the graph to text problem solved by embodi-
ments.

[0127] In recent years, research has explored meta-learn-
ing on concept graphs with long-tail relation. Xiong et al.
(2018) and Chen et al. (2019) used metric-based models like
relation similarity function or relation meta learner. How-
ever, these methods only learn from a single graph from a
specific domain, which is not applicable to datasets used
herein where patients are represented as multiple subgraphs.
G-META (Huang and Zitnik, 2020) extracted relevant local
subgraphs first, and then applied GNN on each subgraph
individually. G-META also applied meta gradients to learn
transferable knowledge. This resulted in an efficient node
classification and link prediction. However, G-META only
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focused on graph structure. There is no existing functionality
that integrates graph-to-text applications into an end-to-end
meta learning framework.

[0128] Embodiments provide an innovative meta-learning
framework for graph-to-text applications. An embodiment
clusters patients based on their disease domains. An embodi-
ment clusters patients based on their similarity. The most
commonly used similarity metrics are nearest neighbor,
where patient’s information (ICD codes) is matched with
other patients’ codes to identify similar patients. Such an
embodiment identifies similar patients based on their disease
similarity. In turn, the similar patients (a cluster) can be used
in an embodiment for fine-tuning (domain adaptation or
meta-learning).

[0129] When migrating to a new domain, embodiments
quickly adjust using limited training data. To achieve this
goal, an embodiment defines a model and meta parameters.
Model parameters 0, include the parameters in the model,
and meta parameters 6, include parameters in the transmis-
sion layers and the encoder. Meta parameters 0, can be tuned
to reduce the domain divergence. The following learning
policy is adopted to update the two parameters in an embodi-
ment.

[0130] For the training, an embodiment uses disease
domains D* of the patient. The data Di of each domain i is
split into three parts, a training set D, a development set
D, and a test set D,.’. Model training samples a pair of
domains {i, j}, and then uses D,’,D,_ to update the model
parameter 0,. The meta parameter 0, is updated using D ;7.
The meta parameters are used to fine tune embodiments for
different disease domains. An embodiment follows Finn et
al. (2017) for gradients update.

[0131] The process below summarizes the learning policy
for training an embodiment using disease domains. The
training procedure includes:

Dataset D = D°, D°, ..., D*°!;

INSTANT Model: M(6);

for D, IV € D do

| // Model training, update the INSTANT model

| 0, = Loss(D',, Dz, M(0)) ;

| // Meta training, update the transmission layers and encoder
| 0; < Loss(DVgn; M(O)) ;

end

0 < ="' Loss(D',; M(6)) ;

6 < (D7, D3 M(8)) ;

[0132] According to an embodiment, each training proce-
dure involves two consecutive training processes: model
training and meta training. Each iteration mimics a domain
adaptation of an embodiment. The meta parameter learns to
handle domain divergence. Using meta learning, embodi-
ments can be readily adjusted to match data of new disease
domains.

[0133] An embodiment explores different approaches to
cluster diseases into different domains. First, diseases can be
clustered using the Medical Subject Heading (MeSH) hier-
archy (Nelson et al., 2001). MeSH descriptors are organized
in 16 general categories including the C category of dis-
eases. Hach general category is further divided into subcat-
egories. In embodiments, the disease category can be further
divided into 24 disease subcategories including infections,
neoplasms, and musculoskeletal diseases, amongst others,
which can be further divided into sub-sub categories. Such
an embodiment may utilize different levels of disease hier-
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archies and may also employ other approaches for disease
similarities, including functional associations between dis-
ease related genes and semantic associations between dis-
eases (Cheng et al., 2014).

Experimental Results

[0134] Hereinbelow, various experiments and the results
thereof are described which demonstrate the effectiveness
and some of the benefits of embodiments.

Datasets

[0135] These experiments relied on a corpus of 25,200
outpatient EHR notes from hospitals and medical centers,
from which about 17,500, 7600, and 100 notes were ran-
domly selected for training, development, and test sets,
respectively. Additional background information is added
within the graph used for the experiments.

TABLE 2

ESO EAS
Vocab 74 K 39K
Tokens 9.8M 2.2M
Avg Len 392 89
Entity Types 40 —
Avg Vert 791 (+5.29) —
Avg Edge 4.02 (+2.62) —

[0136] Table 2 includes vocabulary size of document
(Vocab), number of total document tokens (Tokens), average
document length (Avg Len), number of unique entity types
(Entity Types), average number of vertices (Avg Vert),
average number of edges for (Avg Edge), the EHR subjec-
tive and objective part (ESO), and the EHR assessment part
(EAS). The average vertices and edges of ESO is split into
two parts. The first part represents data from the patient
specific information graph and the second part represents
data from the patient background information graph.

Baselines

[0137] The evaluation considers whether injecting data,
e.g., the background medical data, into the patient graph
improves the assessment generation task. As such, baseline
models do not include such additional data. Other baseline
models are based on the text-to-text encoder-decoder frame-
work. For this, a first baseline model is N2MAG (Hu et al.,
2020). A second baseline model is a TS5 model trained on the
large open domain data (Raffel et al., 2019). To mitigate the
domain divergence challenge, a test utilizes stronger base-
line models built using the meta-learning framework
described in the previous section. Finally, another type of
strong baseline models is built on fine tuning. In this case,
models are trained on the entire VHA dataset and are then
fine tuned to the disease domains of the patient.

[0138] The results discussed below evaluate whether
injecting external clinical knowledge, similar patient infor-
mation, and a patient’s prior history improve embodiments.
In such an evaluation, a baseline model is implemented
without those elements. The results compare an embodiment
against several baselines.

[0139] In an evaluation, a graph model only includes
patient specific information and the background medical
knowledge graph is left out to test the need for it, this is
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referred to as (BASIC). Then, the results compare an
embodiment with augmented attention-over-attention
pointer-generator network (N2MAG model) from Hu et al.
(2020). The below discussion also compares the result of
BASIC with self-attention based architectures. An imple-
mentation utilizes a text to text vanilla transformer with 6
layers of encoder and decoder. To test the ability of the
background medical knowledge graph, results also compare
the result of EXT (an embodiment implemented to use the
background medical knowledge graph) to a pretrained gen-
eration model on large corpus T5 (Raffel et al., 2019), where
T5-Small is the encoder-decoder model with 6 layers each,
and T5-Base is the encoder-decoder model with 12 layers
each.

[0140] The results also use finetuned models on the
employed dataset. In further evaluation, to mitigate the
domain divergence challenge, a stronger baseline model is
built using the meta-learning framework described above.
Finally, another type of strong baseline model is built on fine
tuning. In this case, models are trained on the entire VHA
dataset and fine tuned to the disease domains of the patient.

Implementation

[0141] To implement the embodiment used to generate the
results, embodiments, were trained end-to-end with EHR
chief complaint text and relevant graphs as input and cor-
responding assessments as targets. An implementation used
SGD optimization with momentum (Qian, 1999) and the
best learning rate is 0.05 and momentum is 0.9 with gradient
clipping. Models were trained for 25 epochs with early
stopping (Prechelt, 1998) based on the validation loss, with
most models stopping at approximately 15 epochs. Each
word is imbedded into 500 vectors and the same dimension
is used on hidden state size. As for the graph encoder, a
graph attention network (Velickovic et al., 2018) with 6
layers with 4 heads was used. To encode chief complaint
text, a 2 layer BiLSTM was employed. To avoid penalizing
repeatedly attending to the same locations, coverage loss
weight was set to 0.5. During inference, beam search with a
beam size of 4 and beam width of 6 was used to generate
EHR assessments. To prevent overfitting, a dropout rate of
0.1 (Srivastava et al., 2014) is used. For each method,
experiments were run for 4 trials with random weight
initialization, and the best model is selected to do evaluation
for each method. Repeated sentences were manually
removed before evaluation. The experiment was carried out
on 2 TITANX GPUs. Each model finished training within 12
hours. Further, the code and settings are publicly available
at https://github.com/whaleloops/mcag

Evaluation Metrics

[0142] One evaluation metric that is utilized is BLEU
(Papineni et al., 2002). BLEU is an evaluation metric for text
generation that measures the intersection of n-grams
between the generated assessment and the gold assessment.
A Dbetter generated assessment usually achieves a higher
BLEU score, as it shares more n-grams with the gold
assessment.

[0143] ROUGE (Lin, 2004) is another evaluation metric
that is utilized. ROUGE is an evaluation metric for summa-
rization, that also measures the intersection of n-grams
between the generated assessment and the gold assessment.
However, unlike BLEU, ROUGE focuses on the n-grams
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appearing in the machine generated assessment as a measure
of recall instead of precision. A better generated assessment
usually achieves a higher ROUGE score, as it shares more
n-grams with the gold assessment.

[0144] Human evaluation was also utilized. While BLEU
and other automatic metrics are objective metrics that can be
applied to large-volume test sets, it is also desirable to ensure
that embodiments operate according to human evaluator.
The results below rely on 4 doctor experts to provide human
evaluation. The human evaluators were asked to compare
each generated assessment and gold assessment from four
perspectives: (1) Sentence Fluency: Is the generated assess-
ment semantically coherent and meaningful, (e.g. “get a flu
shot” is good and “drink a flu shot” is bad)? (2) Keywords
Coverage: Do the keywords match between assessment and
background? (Is the patient male or female? Age same?
Times of visit same?) (3) Clinical Accuracy: Is the generated
assessment semantically reasonable compared to the given
background? (4) Differential Discussion: Coverage of ele-
ments in assessment sufficient? (Does it contain Problem?
Differential Diagnoses? Discussion? Care/Politeness to
patient). The grading scale for each perspective was from 1
to 5.

Results

[0145] Table 3 shows assessments generated used the
embodiments described herein.

TABLE 3
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TABLE 4
Model BLEU-1 BLEU-2 BLEU-3 BLEU4 ROUGE-L
N2MAG 9.726 5.449 2.12 1412 22334
Transformer ~ 27.053 16.761 11.488 8457  20.613
BASIC 27.926 17.117 12.158 9.046  23.289
T5 Small 28534 17.720 12.323 9.190  20.419
TS5 Base 30.542 18.006 12.124 8.772 19.155
EXT 38.731 26.667  20.299 15942 30.662
[0148] Table 4 shows automatic scores of generated

assessments. In Table 4, Transformer is the vanilla trans-
former with 6 layers encoder-decoder. T5 Small uses the
same architecture, but is pretrained on a large corpus and T5
Base doubles the number of layers. BASIC uses a 6 layer
encoder decoder model which generates an assessment from
a patient specific information graph. EXT is a model which
generates an assessment from patient specific information
graph and background information graph.

[0149] Table 5 shows human evaluation results of gener-
ated assessments.
TABLE 5
Sentence Keyword Clinical Differential
Model Fluence Coverage Accuracy Discussion
N2MAG 292 2.14 2.07 1.97
BASIC 331 (+0.39) 231 (+0.17)  2.10 (+0.03) 2.35 (+0.38)

Model  Text

N2MAG ASSESSMENT: The patient attends today’s OBESITY CONSULTATION.

BASIC

EXT

She seems to have a good amount of past nutrition EDUCATION.
ASSESSMENT: The patient attends today’s nutrition CONSULTATION to
ADDRESS her OBESITY issue. 1. She is doing better on all BLOOD
SUGAR MANAGEMENT. 2. she is exercising many times a week. At this
point, I do feel comfortable having her move WEIGHT LOSS next step in our
program.

ASSESSMENT: The patient attends today’s nutrition CONSULTATION to
ADDRESS her struggle with OBESITY. She is doing better on BLOOD
SUGAR MANAGEMENT and suggestions made by this provider. She has
made a number of changes to her diet and lifestyle over the past few months.
She is very engaged in our appointment today and asked appropriate
EXERCISE questions to the education that was provided. We talked about
using Saxenda as an alternative. At this point, I do believe that her

HEMOGLOBIN Alc step DOWNWARD.

[0146]
different models. The input and gold assessment are shown

Table 3 shows example assessments generated by

in FIG. 1. BASIC represents an embodiment which gener-
ates the assessment from the patient specific information
graph. EXT is an embodiment which generates the assess-
ment from patient specific information graph and back-
ground information graph. Medical keywords selected from
entities and relations in the graph are marked as bold in
Table 3. N2MAG does not have graph, so MetaMap and
some rules are used to find these medical keywords.

[0147] Table 4 shows the BLEU and ROUGE scores for
the assessments generated using embodiments and Table 5
shows the mean human evaluation scores. Intuitively, the
more the generated assessments resembles the gold assess-
ments, the better the model is.

TABLE 5-continued

Sentence Keyword Clinical Differential
Model Fluence Coverage Accuracy Discussion
EXT 3.48 (+0.17) 273 (+042)  3.13 (+1.03) 3.08 (+0.73)
Human  3.70 (+0.22) 3.23 (+0.50)  3.55 (+0.42) 3.38 (+0.390)
[0150] Table 5 shows the mean scores for each evaluation

metric of 30 EHR notes. Scores improved the most in each
category are bolded.

[0151] The experimental results show that BLEU scores
and scores in human evaluation are generally consistent with
each other. It can be seen that BLEU scores are fairly low,
which is reasonable as there could be multiple ways to
compose an assessment given the background of a patient.

[0152] The graph based model of embodiments leads to
high precision. Compared to the graph transformer based
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models, the pointer generator is more susceptible to two
sources of errors: (1) the pointer generator tends to generate
a shorter assessment centered upon a fewer number of
medical keywords and (2) the pointer generator also lacks
the ability to select multiple keywords and expand upon
these keywords.

[0153] As shown in Table 3, the result produced from the
pointer-generator only contains 2 medical keywords in bold,
while the result produced from BASIC contains 5. Within
the test dataset, the average number of medical keywords
extracted from N2MAG and BASIC is 3.4 and 7.1, respec-
tively.

[0154] Recall that BLEU measures precision: how often
the tokens in the machine generated assessment appear in
the doctor reference assessment. ROUGE measures recall:
how often the tokens in the doctor reference assessment
appear in the machine generated assessment. Although the
embodiment without graph enhancement (BASIC) has a
much better BLEU score compared to pointer-generator
results, the embodiment without graph enhancement does
not improve a lot in ROUGE-L compared to pointer-gen-
erator results. This shows that pointer-generator works as a
summarization model, and its ability is restricted in keyword
selection. As a result, pointer-generator methods tend to
generate shorter assessments, hence gaining a more favor-
able score on ROUGE-L (the gap between the pointer
generator and graph is closer according to ROUGE-L). This
is also proven in human evaluation as well. Embodiments
without graph enhancement achieve a +0.03 point improve-
ment in clinical accuracy, but +0.38 point improvement in
differential discussion and +0.39 point improvement in
sentence fluency. In comparison to the pointer generator
model, the graph model shows more capability to include
medical keywords and generate related discussions and
differential diagnoses.

[0155] The BASIC implementation can also be compared
to a non-pretrained text-to-text transformer model. While
transformers can be seen as GNNs from an architecture
perspective, the embodiments use keywords (graph)
extracted from text as input, while the baseline transformer
model uses more text as input. However, as shown in Table
3, the performance of the non-pretrained text-to-text trans-
former model is similar to BASIC which does not use
external knowledge. This shows that the medical assessment
generation task relies mostly on keywords, and more irrel-
evant input would not do better in this task.

[0156] Incorporating background medical graphs results
in generating assessments that are in better agreement with
experts. Among two graph based models, enhancing the
graph by expanding relevant background entities with
UMLS further improves the quality of the generated assess-
ments. By comparing clinical keywords identified among
the generated and gold assessment, the expanding technique
implemented in embodiments can increase the clinical key-
word overlap from 35% to 97%. Graph enhancements
further significantly improves Clinical Accuracy by +1.03
and Differential Discussion by +0.73. However, sentence
fluency is not improved as the model architecture is not
altered. This shows the importance of expanding relevant
background entities from a graph level in this task as more
information is given.

[0157] Explicit knowledge graph outperforms implicit
pre-trained model. Even though pre-trained language mod-
els are able to answer queries structured as “fill-in-the-
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blank” cloze statements, and Petroni et al. (2019) have
shown that factual relational knowledge already presents
within these pretrained models, Poerner et al. (2019), how-
ever, demonstrated that these pre-trained language models
could only capture shallow information stored in the knowl-
edge base, and incorporating BERT with entity embedding
outperforms original BERT (Peters et al., 2019).

[0158] Here, results yield similar findings, but in a text
generation task. With automatic evaluations shown in Table
4, the EXT model with graph enhancement outperforms
pre-trained T5-Small, where the number of parameters is
about the same. By doubling the number of layers, TS-Base
only increases a little in BLEU, but decreases slightly in
ROUGE-L compared with T5-Small. Both pre-trained mod-
els outperform the non-pre-trained vanilla transformer. This
may indicate that pre-trained language models from general
web corpuses contain only limited knowledge on a specific
domain (i.e., medical). This shows that explicitly integrating
a self-attention encoder with knowledge graph improves the
quality of text assessments and plans generated by embodi-
ments compared to the pre-trained language model.

[0159] The results also show that assessment generation is
an arduous task. Even doctor written assessments get a
medium score of about 3.5 in Table 5 instead of the full 5
points.

[0160] Embodiments provide a novel approach for the task
of generating medical assessments and plans from patient
specific medical information and also relevant background
information. Embodiments adapt the graph transformer
model to the assessment generation task and also address the
lack of relevant background medical knowledge by enhanc-
ing the graph with additional information, i.e., relevant
medical background information. The results show that the
graph transformer embodiments outperform text pointer-
generator models, even without the help of additional back-
ground medical knowledge. In addition, enhancing the graph
with relevant medical knowledge further improves the qual-
ity of the generated text, e.g., assessment. Experiments also
show the current Text-to-Text Transformer pretrained on a
large corpus may learn limit medical domain-specific
knowledge. Further, text generation quality improvements
can be made by incorporating domain-specific knowledge
graphs.

[0161] Embodiments may also switch some entities to
other irrelevant and improper tokens to make the graph
model more resilient to these noises. Further, many EHRs
are follow-up EHRs that are based on one or more previous
EHR. As such, an embodiment may expand EHRs in time by
applying temporal graph models to incorporate temporal
information.

[0162] Key innovations of embodiments include knowl-
edge inference using both structured data (e.g., ICD codes,
medications, and lab results) and unstructured EHR notes.
Embodiments infer rich clinical knowledge from notes with
a SOAP structure. In this case, the chief complaint and
subjective evidence lead to objective measurements. Assess-
ments can be inferred from both subjective and objective
evidence, all of which lead to specific plans.

[0163] Embodiments can infer assessments and plans
using external medical knowledge. An embodiment identi-
fies clinical concepts and concept relations from a SOAP
note and augments the concept graph with external medical
knowledge to infer new knowledge for the assessment and
plan. One such implementation uses the large biomedical
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knowledge resources, Unified Medical Language System
(UMLS) and MedlinePlus, both developed by the National
Library of Medicine (NLM), for external medical knowl-
edge. As shown in FIG. 3, the augmented concept graph
from the external medical knowledge resources helps infer
“Saxenda” in the assessment. In addition, the assessment
and plan can also be inferred from a patient’s prior condi-
tions (longitudinal EHRs) and from similar patients’ clinical
trajectories.

[0164] The assessments and plans determined by embodi-
ments can be used to provide computer-assisted clinical
decision support systems (CDSS). Embodiments can be
used to provide checks and prompts to medical providers
and to modify the care and treatment patients receive.
[0165] Advantages of embodiments are multi-fold. First,
existing knowledge-based CDSS are limited to specific
clinical subdomains. For example, (Shortliffe, 1974) is an
expert system for diagnosing bacterial infections and pre-
scribing treatment for bacterial infections. In contrast,
embodiments are able to cover a broad range of disease
categories and help patients with complex diseases. This is
achieved by training embodiments on large longitudinal
EHRs, which include patients with a broad range of diseases
and patients with complex diseases. Moreover, unlike pre-
vious machine learning models which have little interpret-
ability, embodiments provide outputs that summarize the
reasons that lead to the assessments and treatment plans.
[0166] Moreover, machine learning based models have
been developed to predict structured outputs, such as the
International Classification of Diseases, Clinical Modifica-
tion (ICDCM) codes (Miotto et al., 2016) and medications
(Duan et al., 2020). In contrast, embodiments infer clinical
diagnoses and treatment plans from patient’s self-reported
symptoms, clinical test results, and observations, and output
clinical assessments and treatment plans in natural language.
Automated assessment and treatment plan generation is a
novel application.

[0167] Thirdly, previous methods in EHR related text
generation are based on the text-to-text encoder-decoder
framework. For example, Zhang et al. (2018) used a com-
bination of extractive and abstractive techniques to summa-
rize radiology reports. In contrast, embodiments utilize a
graph transformer model for graph-to-text generation for
EHRs. The advantages of graph transformer models used in
embodiments include mitigating the data sparsity challenge
and the ability to include external medical knowledge for
knowledge inference, both of which are key steps towards
building effective and clinically actionable CDSS systems.
Existing methods lack knowledge inference as described
herein.

[0168] The clinical domain is complex, with thousands of
diseases and their complex combinations. Moreover, there
are millions of clinical concepts or domain specific medical
jargon (Bodenreider, 2004), which further compound the
challenges in developing CDSS systems. Therefore, even
with large EHRs with millions of patients, the data sparsity
remains a significant challenge. The graph-transformer mod-
els in embodiments mitigate the aforementioned challenges.
[0169] Fourthly, the graph-transformer models in embodi-
ments are highly innovative in computer science. The mod-
els inject external knowledge into the end-to-end graph-
transformer models for knowledge inference. This has not
been done in any of the previous work in graph-to-text
generation (Koncel-Kedziorski et al., 2019; Zhu et al., 2019;
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Guo et al., 2019). This allows embodiments to use external
clinical knowledge that includes not only existing knowl-
edge resources, but also dynamical information such as
patients’ prior history and information from similar patients,
which improves knowledge inference. Embodiments imple-
ment innovative methods and systems to capture both exist-
ing knowledge resources and the dynamical information
from EHRs and to integrate them with the graph-transformer
models for end-to-end training.

[0170] Embodiments provide a highly innovative meta-
learning framework to further mitigate the data sparsity
challenge. This has not been done in any of the existing
graph-to-text applications.

Computer Implementation

[0171] FIG. 7 illustrates a computer network or similar
digital processing environment in which the above described
graph-to-text frameworks and embodiments of the present
invention may be implemented.

[0172] Client computer(s)/devices 50 and server computer
(s) 60 provide processing, storage, and input/output devices
executing application programs and the like. Client com-
puter(s)/devices 50 can also be linked through communica-
tions network 70 to other computing devices, including
other client devices/processes 50 and server computer(s) 60.
Communications network 70 can be part of a remote access
network, a global network (e.g., the Internet), cloud com-
puting servers or service, a worldwide collection of com-
puters, Local area or Wide area networks, and gateways that
currently use respective protocols (TCP/IP, Bluetooth, etc.)
to communicate with one another. Other electronic device/
computer network architectures are suitable.

[0173] FIG. 8 is a diagram of the internal structure of a
computer (e.g., client processor/device 50 or server com-
puters 60) in the computer system of FIG. 7. Each computer
50, 60 contains system bus 79, where a bus is a set of
hardware lines used for data transfer among the components
of' a computer or processing system. Bus 79 is essentially a
shared conduit that connects different elements of a com-
puter system (e.g., processor, disk storage, memory, input/
output ports, network ports, etc.) that enables the transfer of
information between the elements. Attached to system bus
79 is I/O device interface 82 for connecting various input
and output devices (e.g., keyboard, mouse, displays, print-
ers, speakers, etc.) to the computer 50, 60. Network interface
86 allows the computer to connect to various other devices
attached to a network (e.g., network 70 of FIG. 7). Memory
90 provides volatile storage for computer software instruc-
tions 92 and data 94 used to implement embodiments of the
present invention (e.g., code for implementing the method
220 or framework 440 described herein). Disk storage 95
provides non-volatile storage for computer software instruc-
tions 92 and data 94 used to implement embodiments of the
present invention. Central processor unit 84 is also attached
to system bus 79 and provides for the execution of computer
instructions.

[0174] In one embodiment, the processor routines 92 and
data 94 are a computer program product (generally refer-
enced 92), including a computer readable medium (e.g., a
removable storage medium such as one or more DVD-
ROM’s, CD-ROM’s, diskettes, tapes, etc.) that provides at
least a portion of the software instructions for the invention
system. Computer program product 92 can be installed by
any suitable software installation procedure, as is well
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known in the art. In another embodiment, at least a portion
of the software instructions may also be downloaded over a
cable, communication and/or wireless connection. In other
embodiments, the invention programs are a computer pro-
gram propagated signal product embodied on a propagated
signal on a propagation medium (e.g., a radio wave, an
infrared wave, a laser wave, a sound wave, or an electrical
wave propagated over a global network such as the Internet,
or other network(s)). Such carrier medium or signals provide
at least a portion of the software instructions for the present
invention routines/program 92.

[0175] In alternate embodiments, the propagated signal is
an analog carrier wave or digital signal carried on the
propagated medium. For example, the propagated signal
may be a digitized signal propagated over a global network
(e.g., the Internet), a telecommunications network, or other
network. In one embodiment, the propagated signal is a
signal that is transmitted over the propagation medium over
a period of time, such as the instructions for a software
application sent in packets over a network over a period of
milliseconds, seconds, minutes, or longer. In another
embodiment, the computer readable medium of computer
program product 92 is a propagation medium that the
computer system 50 may receive and read, such as by
receiving the propagation medium and identifying a propa-
gated signal embodied in the propagation medium, as
described above for computer program propagated signal
product.

[0176] Generally speaking, the term “carrier medium” or
transient carrier encompasses the foregoing transient sig-
nals, propagated signals, propagated medium, storage
medium and the like.

[0177] Inother embodiments, the program product 92 may
be implemented as a so called Software as a Service (SaaS),
or other installation or communication supporting end-users.
[0178] The teachings of all patents, published applications
and references cited herein are incorporated by reference in
their entirety.

[0179] While example embodiments have been particu-
larly shown and described, it will be understood by those
skilled in the art that various changes in form and details
may be made therein without departing from the scope of the
embodiments encompassed by the appended claims.
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What is claimed is:

1. A computer-implemented method of generating medi-
cal support text based on patient medical data, the method
comprising:

receiving medical data for a given patient;

generating a patient knowledge graph for the given patient

based on the received medical data;

generating an expanded graph by expanding the generated

patient knowledge graph based upon supplementary
data; and

generating medical support text for the given patient

based upon the expanded graph.

2. The method of the claim 1 wherein the received
medical data includes text describing medical symptoms for
the given patient.

3. The method of claim 1 wherein receiving the medical
data comprises:

accessing an EHR database;

obtaining an EHR for the given patient from the accessed

EHR database, wherein the obtained EHR comprises
the medical data for the given patient.

4. The method of claim 3 wherein the obtained EHR is
structured to include: a chief complaint, subjective data
regarding the given patient, objective data regarding the
given patient, an assessment of the given patient, and a
treatment plan for the given patient.

5. The method of claim 1 wherein generating a patient
knowledge graph based on the received medical data com-
prises:

natural language processing the received medical data.

6. The method of claim 5 wherein natural language
processing the received medical data comprises:

extracting concept-relation-concept triples from the

received medical data.

7. The method of claim 1 wherein the patient knowledge
graph is a graph indicating relations between concepts in the
received medical data.

8. The method of claim 1 wherein the supplementary data
is a concept graph.
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9. The method of claim 8 wherein expanding the gener-
ated patient knowledge graph based upon the supplementary
data comprises:

computing a graph union of the patient knowledge graph

and the concept graph, wherein the computed graph
union is the expanded graph.

10. The method of claim 8 wherein the concept graph is
an external medical knowledge concept graph.

11. The method of claim 1 wherein expanding the gen-
erated patient knowledge graph comprises:

performing a maximum inner product search (MIPS) of a

patient database to identify one or more patients similar
to the given patient;

obtaining medical data for the identified one or more

patients similar to the given patient; and

expanding the generated patient knowledge graph using

the obtained medical data for the identified one or more
patients similar to the given patient.

12. The method of claim 11 wherein the obtained medical
data for the identified one or more patients comprises at least
one of: diagnoses ICD codes for the identified one or more
patients; assessments for the identified one or more patients;
and treatment plans for the one or more patients.

13. The method of claim 1 wherein expanding the gen-
erated patient knowledge graph comprises:

obtaining lab, diagnosis, and medication codes for one or

more previous medical appointments for the given
patient;

predicting at least one of a medication code and a diag-

nosis code for a future medical appointment for the
given patient based on the obtained lab, diagnosis, and
medication codes for one or more previous medical
appointments for the given patient; and

expanding the generated patient knowledge graph based

upon the predicted at least one medication code and
diagnosis code for the future medical appointment.

14. The method of claim 1 wherein the support text is at
least one of:

a medical assessment for the given patient; and

a treatment plan for the given patient.

15. The method of claim 1 wherein the support text is
natural language text.

16. A system for generating medical support text based on
patient medical data, the system comprising:

a processor; and

a memory with computer code instructions stored thereon,

the processor and the memory, with the computer code

instructions, being configured to cause the system to:

receive medical data for a given patient;

generate a patient knowledge graph for the given
patient based on the received medical data;

generate an expanded graph by expanding the gener-
ated patient knowledge graph based upon supple-
mentary data; and

generate medical support text for the given patient
based upon the expanded graph.
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17. The system of claim 16 wherein, in generating the
knowledge graph for the given patient based on the received
medical data, the processor and the memory, with the
computer code instructions, are further configured to cause
the system to:

perform natural language processing on the received
medical data to extract concept-relation-concept triples
from the received medical data.

18. The system of claim 16 wherein the supplementary
data is an external medical knowledge concept graph and
where, in expanding the generated patient knowledge graph
based upon the supplementary data, the processor and the
memory, with computer code instructions, are configured to
cause the system to:

compute a graph union of the patient knowledge graph
and the external medical knowledge concept graph,
wherein the computed graph union is the expanded
graph.

19. The system of claim 16 wherein, in expanding the
generated patient knowledge graph based upon the supple-
mentary data, the processor and the memory, with the
computer code instructions, are configured to cause the
system to perform at least one of:

(1) performing a maximum inner product search (MIPS)
of a patient database to identify one or more patients
similar to the given patient, obtaining medical data for
the identified one or more patients similar to the given
patient, and expanding the generated patient knowledge
graph using the obtained medical data for the identified
one or more patients similar to the given patient; and

(ii) obtaining lab, diagnosis, and medication codes for one
or more previous medical appointments for the given
patient, predicting at least one of a medication code and
a diagnosis code for a future medical appointment for
the given patient based on the obtained lab, diagnosis,
and medication codes for one or more previous medical
appointments for the given patient, expanding the gen-
erated patient knowledge graph based upon the pre-
dicted at least one medication code and diagnosis code
for the future medical appointment.

20. A computer program product for generating medical
support text based on patient medical data, the computer
program product comprising:

one or more non-transitory computer-readable storage
devices and program instructions stored on at least one
of the one or more storage devices, the program instruc-
tions, when loaded and executed by a processor, cause
an apparatus associated with the processor to:
receive medical data for a given patient;
generate a patient knowledge graph for the given

patient based on the received medical data;
generate an expanded graph by expanding the gener-
ated patient knowledge graph based upon supple-
mentary data; and
generate medical support text for the given patient
based upon the expanded graph.
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