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Abstract

Background: Question answering (QA) systems for patient-related data can assist both clinicians and patients. They can, for
example, assist cliniciansin decision-making and enabl e patients to have a better understanding of their medical history. Substantial
amounts of patient data are stored in electronic health records (EHRS), making EHR QA an important research area. Because of
the differencesin dataformat and modality, thisdiffersgreatly from other medical QA tasksthat use medical websitesor scientific
papers to retrieve answers, making it critical to research EHR QA.

Objective: Thisstudy aimsto provide amethodological review of existing works on QA for EHRs. The objectives of this study
were to identify the existing EHR QA datasets and analyze them, study the state-of-the-art methodologies used in this task,
compare the different evaluation metrics used by these state-of-the-art models, and finally élicit the various challenges and the
ongoing issuesin EHR QA.

Methods: We searched for articlesfrom January 1, 2005, to September 30, 2023, in 4 digital sources, including Google Scholar,
ACL Anthology, ACM Digital Library, and PubMed, to collect relevant publications on EHR QA. Our systematic screening
process followed PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines. A total of 4111
papers were identified for our study, and after screening based on our inclusion criteria, we obtained 47 papers for further study.
The selected studies were then classified into 2 non—mutually exclusive categories depending on their scope: “EHR QA datasets’
and “EHR QA models.”

Results. A systematic screening process obtained 47 papers on EHR QA for final review. Out of the 47 papers, 53% (n=25)
were about EHR QA datasets, and 79% (n=37) paperswere about EHR QA models. It was observed that QA on EHRsisrelatively
new and unexplored. Most of the works arefairly recent. In addition, it was observed that emrQA is by far the most popular EHR
QA dataset, both in terms of citations and usage in other papers. We have classified the EHR QA datasets based on their modality,
and we haveinferred that Medical Information Mart for Intensive Care (MIMIC-111) and the National Natural Language Processing
Clinical Challenges datasets (ie, n2c2 datasets) are the most popular EHR databases and corpuses used in EHR QA. Furthermore,
we identified the different models used in EHR QA along with the evaluation metrics used for these models.

Conclusions: EHR QA research faces multiple challenges, such as the limited availability of clinical annotations, concept
normalization in EHR QA, and challenges faced in generating realistic EHR QA datasets. There are still many gaps in research
that motivate further work. This study will assist future researchers in focusing on areas of EHR QA that have possible future
research directions.
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Introduction

Motivation

Medical question answering (QA) may use biomedical journals,
internet articles, and patient-specific data, such as that stored
in the electronic health record (EHR), for QA. While there has
been agreat deal of work in medical QA [1-5], much of it does
not help to answer patient-specific questions. In patient-specific
QA, the answer is obtained from the patient’s medical record
(ie, the EHR). This differs from other medical QA tasks dueto
linguistic issues (eg, EHR notes are very different in
terminology, grammar, style, and structure from biomedical
articles) and privacy limitations (eg, most biomedical articles
have a publicly available abstract while there are laws in most
countries limiting the sharing of patient records). In addition,
patient-specific QA also preventsthe use of many common QA
techniques (such as aggregating answers from different
biomedical articles to give weight to a consensus opinion). All
this meritsthe review of EHR QA separate from other medical
QA approaches to properly scope its data and methods. In this
review paper, our aim is to discuss all the recent approaches
and methodologies used for QA on EHRSs. There have been
some reviews on medical QA [6,7], but none of the previous
review papers have focused solely on EHR QA. To the best of
our knowledge, thisisthe first work that does a scoping review
of QA on EHRs and examines the various datasets and
methodologies used in EHR QA. There are several aspects of
EHR QA that merit analysis of scope.

One such aspect is data modality and the variety of
methodological approaches available for EHR QA. The
methodological approach used is determined by the format of
the EHR data. EHRSs contain structured and unstructured data.
Structured EHR data are based on standardized terminologies
and ontologies and are often available in the form of relational
databases. By contrast, unstructured EHR data have minimal
standardization and include datatypes such astextual notesand
clinical imaging studies. Two kinds of approaches are used for
QA on structured EHR data. Inthefirst approach [5], the natural
language questions are converted into structured queries (such
as SQL). These queries are used to retrieve answers from the
database. In the second approach [8], the structured EHR tables
are converted into knowledge graphs, following which the
natural language questions are converted into graph queries
(such as SPARQL) to extract answers from the database. QA
on unstructured clinical EHR notes is mostly performed as a
reading comprehension task, where given aquestion and clinical
notes as context, a span of text from the notesisreturned asthe
answer. There can also be multimodal EHR QA, which can use
both structured and unstructured EHR datafor QA. The aim of
this study is to identify the studies that use EHR QA. We have
further narrowed our search to EHR QA studiesthat use natural
language processing (NL P) techniques on the questions but may
or may not use NLP on the answers. We have excluded studies
inwhich questions are asked about images (eg, radiol ogy scans).
as these questions and datasets have an entirely different focus.
While QA over medical imagesisalso acritical areaof research,
focusing a systematic review specifically on QA over EHR text
(ie, structured and unstructured EHR containing textual

https://www.jmir.org/2024/1/e53636

Bardhan et d

information) alows a more detailed, manageable, and
methodologically consistent study. This focused approach can
yield deeper insights and more practical recommendations for
improving QA systems on structured and unstructured data in
health care settings.

The second aspect of EHR QA is the access to raw medical
data. Dueto privacy restrictionson clinical data, the replication
and sharing of methods have been reduced compared with QA
in other domains. Thishasled to the emphasison sharable EHR
datasets on which QA benchmarks can be made. Medical
Information Mart for Intensive Care (MIMIC; MIMIC-1V) [9]
and the el CU Database [10] are large publicly available EHR
databases for patients admitted to intensive care units. The
MIMIC-I1I [11] database provides the foundation for many of
the existing QA studieson EHRs. MIMIC-1V introduced in the
year 2020 isarecent update to the MIMIC-111 database. Finally,
the National NLP clinical challenges (n2c2) datasets (previously
known as Informatics for Integrating Biology and the Bedside
ie, i2b2 datasets) are another repository of clinical notes that
have been used by the clinical QA community to develop EHR
QA datasets.

Another aspect that warrants a scoping review of EHR QA is
to study its different applications, including information
extraction, cohort selection, and risk score calculation. For
instance, Datta and Roberts [12] used a 2-turn QA approach to
extract spatial relationsfrom radiology reports. Similarly, Xiong
et a [13] used a QA approach with the help of a
machine-reading comprehension (MRC) framework for cohort
selection, where every selection criterion is converted into
guestionsusing simplerules. For example, the selection criteria
“ALCOHOL-ABUSE” is converted to the question “Current
alcohol use over weekly recommended limits?” Following this,
state-of-the-art MRC models such as Bidirectional Encoder
Representations from Transformers (BERT) [14], BiDAF[15],
BioBERT [16], NCBI-BERT, RoBERTa[17], and BIMPM [18]
are used to match question and passage pairs to select cohorts.
Furthermore, Liang et a [19] demonstrate that QA over EHR
data can improve risk score calculation.

Finally, EHR QA systems face a variety of challenges ranging
from parsing natural language questions to retrieving answers.
For structured data, the natural language question needs to be
parsed and converted to a structured query which can be used
to query, the database. Medical terms from the queries, such as
blood pressure and leukemia, must be normalized into standard
ontologies. Clinical text frequently uses acronyms for medical
concepts. These abbreviations are often ambiguous (eg, pt can
refer to the patient or physical therapy) [20] and so must be
identified and standardized by the QA system before querying
over the EHR database or clinical data. These problems are
exacerbated by the fact that the standard NLP approaches to
such issues require large amounts of labeled data from the
domain of interest. Few such labeled EHR datasets exist. This
is because annotating EHR QA datasets requires clinical
expertise and is time-consuming. Existing general-domain QA
systems provide erroneous results when they are not trained on
clinical QA datasets. In addition, most of thedatafound in EHRs
are complex and contain both missing and inconsistent
information [21,22], which addsto the difficulty of performing
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QA on EHRs. Inthe Discussion section, we have provided more
detailed explanations of the various challenges of using QA on
EHRs.

The wide variety of challenges and barriers discussed earlier
motivates the need for a systematic scoping review of EHR QA
literature. This paper identifies the articles that fall under the
scope of EHR QA, identifies the difficult challenges faced in
the task, and then enumerates both the data sources and QA
methods that have been used to overcome such challenges.
Finally, this paper also highlights the open issues in this field
that demand future work in EHR QA.

Template-Based Dataset Generation

Before diving into the methodology and results of this review,
it is helpful to introduce a common semiautomated approach
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for building EHR QA datasets, as all large EHR QA datasets
use this approach. This also impacts the screening process
described in the Methods section. While other methods, such
as semantic parsing with grammar-based techniques, exist for
generating EHR QA datasets [23,24], template-based dataset
generation remains the most widely used approach. In general,
large EHR QA datasets are often required to increase the
performance of EHR QA models. However, the creation of
these datasets necessitates subject expertise. The dot-filling
approach to generate templ ate-based datasetsis a semiautomated
process, and hence very popular. Most of the EHR QA datasets
are template-based [5,8,25-27]. The steps to construct
template-based QA datasets areillustrated using aflowchart in
Figure 1.

Figure 1. Flowchart showing the process of template-based dataset generation. The dotted boundary shows the existing non-question answering (QA)
natural language processing (NLP) dataset along with the electronic health record (EHR) data. Question templates (and logical form templates) are
constructed based on the schema of the EHR data. Clinical expert annotations of non-QA tasks based on the same EHR data are used to sot-fill

placeholders in question templates and generate QA pairs.

Existing clinical NLP dataset

NLP schema

E ‘NLP annotations !
ra .‘. T Fa .‘. ? M
Question ‘ In-context question-
templates ‘ answer pairs

To minimize the need for clinical experts' involvement in the
dataset generation process, existing annotations of other non-QA
clinical tasks (such as entity recognition and relations |earning)
areused for generating EHR question-answer pairs. The existing
clinical annotations are used as proxy-expert in the dataset
generation process [26]. In the first step, template questions
containing placeholders (in place of entities) are constructed.
An example of a question template is “Has this patient ever
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been treated with |medication|?’ Here, [medication|, [problem|,
and |treatment| are some commonly used placeholders. These
placeholders in the questions are then slot-filled to obtain QA
pairs using the entities in the EHR data and database schema
(for a structured EHR database) with the help of the existing
annotations from the clinical NLP datasets. So, in a question
template, such as “Has this patient ever been treated with
|[medication|?” entitiessuch as“insulin” and “ Tylenol” fromthe
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EHR database and clinical notes (sharing the same entity type
as|medication|) aredlot-filled in the question template to obtain
questions, such as “Has this patient ever been treated with
insulin?’ and “Hasthis patient ever been treated with Tylenol 7’
Following this approach, the RxWhyQA [27] and DrugeEHRQA
[25] datasets use the existing annotations from the 2018 n2c2
corpus, and theemrQA and emrK BQA datasets use annotations
from 6 clinical tasks from the n2c2 repository [28-33].

Some EHR QA datasets, such as emrQA and emrK BQA, have
used logical form templates in their template-based generation
methods. Logical form templates are predefined structured
representations  of questions  that provide a
human-comprehensible symbolic representation, linking
guestions to answers. These are used to map EHR schema or
ontology to represent relationsin the questions. While generating
these datasets, logical form templates are annotated by clinical
experts for different question templates. For example, for the
guestion template “what is the dosage of |medication|?’ the
annotated logical form template for emrQA is* MedicationEvent
(Imedication|) [dosage=x].” If more than 1 question template
mapsto the samelogical form template, then they are considered
paraphrases of each other. IntheemrQA dataset, clinical expert
annotations of non-QA tasks, such asentity recognition, relation
learning, coreference, and medication challenge annotations (in
the n2c2 repository), were used to dot-fill placeholders in
guestion and logical form templates, which in turn were used
to generate answers. This is shown in Figure 1. For example,
the medication challengein the n2c2 repository has annotations
for medicationsand their corresponding dosage (eg, medication
is nitroglycerin and the dosage is 40 mg). This was used to
generate instances of the question “what is the dosage of
|[medication|?” along with instances of its corresponding logical
form “MedicationEvent(medi cation|) [dosage=x].” The dosage
value, that is, 40 mg is the answer to the question. Similarly,
the heart disease challenge dataset containstemporal information
and was used to derive temporal-reasoning related
guestion-answer pairs. The emrK BQA dataset used the same
guestion templates and logical form templates of emrQA, which
were then dot-filled using entities from the MIMIC-III
knowledge base (KB) [11]. The answers of the emrKBQA
dataset are present in the table cells of the MIMIC-I11 KB. The
entity types used in the placeholders are test, problem, treatment,
medication, and mode. So far, the dot-filling QA dataset
generation process has proven to be the most common method
of generating EHR QA datasets. This is because, while some
manual annotation from domain experts is necessary, most of
the process is automated.

Methods

Sear ch Process

This study aimsto review existing research on QA over EHRs.
This includes papers on EHR QA datasets, QA models, and
various approaches proposed over the years. Weincluded papers
related to QA in the clinical domain, specifically in EHRs.
Papersin which EHRs are not used have been excluded. In this
review, we define QA as the task of automatically providing
precise, relevant answers to user queries from EHR data. This
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involves understanding and processing EHR datato extract and
deliver specific information. We distinguish QA from broader
interactive systems, such as conversational agents, chatbots,
and general information retrieval systems, which may involve
multiturn dialogue and do not focus solely on providing direct
answers to questions. The scope of this review is specifically
on structured and unstructured data within EHRs due to the
unique challenges and methodologies involved in processing
natural language and structured information. While medical
images (eg, computed tomography, magnetic resonance imaging,
and x-ray) and physical signals (eg, electrocardiograms and
photopl ethysmography) are critical components of EHRS, the
techniques required to analyze these data types differ
significantly from those used in structured and unstructured
EHR data. Thus, studies focused on these modalities are
excluded to maintain a clear and manageable focus on
text-focused QA over structured and unstructured EHR data.

Each of the data sources has been queried to search for papers
with the title having at least 1 of the following keywords:
“clinical,” “medical,” “patient,” “EHR,” EMR," “Electronic
Health Record(s),” or “Electronic Medical Record(s).” This
should be used in combination with one or more of the
keywords: “question answering,” “questions,” “text to SQL,”’
“reading comprehension,” “ machine comprehension,” “machine
reading,” or “queries” The search was limited to the period
from January 1, 2005, to September 30, 2023, to review only
recent works. We removed the duplicate studies after this.

Screening Process

We used a 2-step screening process. The first step involved
reading the abstracts and titles of all the papers, including only
papers that were about EHR QA. We also removed many
irrelevant papers that focused on “clinical questions’ and
“patient questions’ but did not use NLP. We also removed non
research papers (such as PhD dissertations and books).

In the final stage of screening, a full-text review was used to
screen the papers further. Papers that were about query engines
and toolsand which did not use natural language questionswere
removed. We excluded papers in languages other than English.
We aso removed papers that just had an abstract and did not
contain full text. There were some papers that were about
information retrieval systems not specifically QA. These were
also excluded. Furthermore, we have excluded studiesin which
guestions are asked about images or electrocardiograms, as
these studies have an entirely different focus. After the 2-stage
screening process, we performed forward snowballing that cited
the previously included papers on Google Scholar.

For this study, al the authors (JB, KR, and DZW) jointly made
the rules for inclusion and exclusion criteria that were used
during the paper collection and screening process. On the basis
of the rules decided, JB collected the papers and worked on the
overall screening process. Papers that were borderline for
inclusion were independently screened by KR and then resolved
after discussion. Thefinal list made during the full-text review
process was again independently screened and reviewed by JB
and KR, with conflicts being resolved after discussion.
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Results

Search and Screening Results

We have fulfilled all PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) scoping review
requirements and have attached a completed copy of the
PRISMA checklist in Multimedia Appendix 1. The flowchart
for conducting this study is shown in Figure 2.

In this record identification and collection step (ie, the search
process), 4285 papers were collected (n=2790 from Google
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Scholar, n=114 from the ACM Digital Library, n=72 from the
ACL Anthology, and n=1309 from PubMed). Following this,
we removed the duplicate papers and obtained 4111 papers.

The first step of the screening process, the title and abstract
screening step, yielded 126 papers. This was followed by the
full-text review step, which yielded 37 papers. After the 2-stage
screening process, we performed forward snowballing, adding
10 more papersto thelist. We thus obtained 47 studiesfor EHR

QA.

Figure2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram for study on question answering over electronic

health records (EHRS). NLP: natural language processing.

Google Scholar Acﬁﬁzﬁﬁal ACL Anthology PubMed
(2790 papers) - (72 papers) (1309 papers)
Paper (114 papers)
identification
and
collection Use keywords in title- "clinical/medical/patient EHR/EMR/electronic health record(s)/electronic
medical record(s)" + "question answering/questions/text to SQL/reading comprehension/machine
comprehension/machine reading/queries”
Deduplication
4111
v Papers excluded by screening the title and
abstract with the exclusion criteria:
: ) 1. Papers not related to EHR question
Title and abstract screening answering.
(126 papers) 2. No use of NLP.
s ) 3. Removed nonresearch papers such as PhD
creening dissertations and books.

v Articles reviewed by full-text screening and
papers discarded using the following exclusion
criteria:

Full-text review 1. No natural langnage questions.
(37 papers) 2. Papers on query interface, query engines,
and tools.
3. Papers that did not contain full text.
4. Studies with an end goal of mformation
retrieval. not question answering.
5. Studies mn which questions are asked about
images (eg, radiology scans)
Forwar!:i . or electrocardiograms.
snowballing Forward snowballing 6. Papers in languages other than English.
(Adding 10 papers)
v
Included 1
papers Selected papers
(47 papers)
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Classification of Selected Papers the studies on EHR QA models based on their function in the

This section presents the findings of our study about existing QA Pipeline. *Full QA” denotesthe paperson EHR QA models

EHR QA papers. that are about end-to-end EHR QA wstems. In the remaining
part of the paper, we have provided our in-depth analysis of

Table 1listsour final list of selected publications post screening  studieson QA using EHRs. In Multimedia Appendix 2, we have

and then classified the papers based on their scope: “EHR QA summarized our final list of selected papers.

datasets’ and “EHR QA models” We have further classified

Table 1. List of included papersin the systematic review and classification of selected papers based on their scope.

Type of study References

EHR2 QAP datasets [5,8,23-27,34-51]
EHR QA models

Question generation [43]

Question paraphrasing [52-54]

Question classification [55,56]

Full QA [5,8,25-27,38-42,48-51,57-73]

3EHR: electronic health record.
bQA: question answering.

Figure 3illustratesthe number of publicationson EHR QA over  findingson existing EHR QA datasets, the various models used
the years. From Figure 3, it can be observed that this is a for questioning over EHRs, and also the different evaluation
relatively new field, and most of the publicationsinthisdomain  metrics used.

are fairly recent. In the following subsections, we discuss our

Figure 3. Number of studies on electronic health record question answering over the years. Since this systematic review is conducted based on studies
published before September 30, 2023, hence the number of studies shown for the year 2023 is recorded only for a period of 9 months.
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observe from the figures that emrQA [26] is the most popular
Dataset Classification and Analysis out of all the other EHR QA datasets. This is likely due to

: _— emrQA’s size (1,295,814 question-logical forms and 455,837
Table 2 displays the total number of citations for al the EHR . . S
QA. It aso lists the number of studies included in our review question-answer pairs) and smilarity to the Stanford QA dataset

that have used these datasets. Moreover, Table 2 classifies the (SQUAD)-QA format.
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Table 2. Popularity and accessibility of electronic health record (EHR) question answering (QA) datasets. We have listed the number of citations and
the number of studies on EHR QA using the dataset. The information presented here is based on the data available on September 30, 2023.

Datasets Number of citations Number of studies on EHR QA using the Publicly available
datasets
emrQA [26] 151 11 Yes
MIMICSQL [5] 51 3 Yes
Yue et a [46] 40 0 No
MIMICSPARQL*2[41] 27 2 Yes
Yueet d [42] 18 0 Yes
Roberts and Demner-Fushman [23] s18 3 No
emrkKBQA [8] 15 0 No
Raghavan et a [34] 13 0 No
Roberts and Demner-Fushman [24] 10 1 No
Soni et a [44] 7 3 No
Fan [35] 7 0 Yes
DrugeHRQA [25] 5 0 Yes
DiscQ® [43] 6 0 Yes
Oliveiraet a [38] 3 0 No
RadQA®[37] 3 1 Yes
EHRSQL [36] 3 0 Yes
Kimet a [39] 0 Yes
ClinicaKBQAY[40] 2 0 No
Hamidi and Roberts [48] 1 0 No
MedAlign [49] 1 0 No
RxWhyQA [27] 0 0 Yes
Mishraet al [45] 0 0 No
CLIFT®[47] 0 0 No
Mahbub et al [50] 0 0 No
Dadaet d [51] 0 0 No

8This dataset follows the original schema of Medical Information Mart for Intensive Care (MIMIC-I11).

bDiSCQ: Discharge Summary Clinical Questions.

‘RadQA: Radiology Question Answering Dataset.

dClinical KBQA: Clinical Knowledge Base Question Answering.
CLIFT: Clinical Shift.

The classification of EHR QA datasets is shown in Figure 4.
EHR QA datasets can be unimodal or multimodal. Unimodal
EHR QA datasets are based on QA over 1 modality, which can
be in the form of structured EHR data or unstructured EHR
clinical notes. Multimodal EHR QA datasets use both modalities
for QA over EHRs. The DrugEHRQA [25] and MedAlign [49]
datasets are exampl es of multimodal EHR QA datasetsthat use
structured and unstructured EHR data for QA. Figure 5 shows
the size and modalities of the different EHR QA datasets.
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It isto be noted that the dataset introduced in Mishra et al [45]
uses 6 key questions (as can be observed from Figure 5), that
is, the same 6 questions have been reused for al the articles.
Multimedia Appendix 3 [5,8,23-27,34-51,74] summarizes the
existing EHR QA datasets. The EHR databases or corpora
contain answersto the questions. From the table in Multimedia
Appendix 3, we can infer that most of the EHR QA datasets on
structured EHR datausethe MIMIC-111 database[5,8,36,39,41],
while most of the QA datasets on unstructured data use the n2c2
repository [26,27,35] or the clinical notes of MIMIC-III
[37,42,43,45-48].
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Figure4. Classification of electronic health record (EHR) question answering (QA) datasets based on modality [5,8,23-27,34-51,74]. The datasets can
be unimodal (based on structured or unstructured EHR data) or multimodeal.
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Figure5. Plot of the total number of questionsincluded in various electronic health record (EHR) question answering (QA) datasets and classification
into unstructured, structured, and multimodal EHR QA datasets [5,8,23-27,34-51,74].
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The following sections describe the QA datasets based on
unimodal (structured or unstructured) and multimodal EHR
datain detail.

QA Datasets Based on Unstructured EHR Data

Unstructured free text EHR data comprises discharge
summaries, radiology reports, laboratory reports, medical
images, progress notes, and many more note types. It accounts
for roughly 80% of all EHR data[75]. One way to make use of
this is to create a QA system that can extract answers from
unstructured EHR data. Most of the QA datasets on unstructured
clinica data are designed for the task of machine
comprehension. Given clinical notes (containing patient
information) and natural language questions, the aobjective of
these tasks is to retrieve a span of text from the clinical notes
asthe answer.

The emrQA [26] is the most popular among the EHR QA
datasets and contains 455,837 question-answer samples along
with 1,295,814 question-logical form pairs. It relieson expertly
annotated n2c2 datasets [28-33]. A semiautomatic,
template-based process was used to generate the dataset. From
Figure 5, we can observe that the emrQA is the largest EHR
QA dataset overall.

Despite emrQA'’s popularity, it has some flaws. The emrQA
dataset has attempted to simulate clinicians' questions using
predefined templates and generating QA datasets by slot-filling
with entities. Consequently, the questionsin the emrQA dataset
are not very realistic or relevant to the medical community.
They are also highly repetitive. For example, it was shown in
Yue et a [46] that the same model performance was obtained
by sampling 5% to 20% of the dataset aswith the entire dataset.
Thismakesit necessary to create datasetsthat are morerealistic
and closer to real physicians questions. Later, Yue et a [42]
developed 975 human-verified questions along with 312
human-generated questions based on 36 discharge summaries
from MIMIC-111I’sclinical notes. After randomly sampling 100
questions individually, the 975 human-verified questions and
312 human-generated questions, it was |earned that 96% of the

https://www.jmir.org/2024/1/e53636

Bardhan et d

human-verified questions were obtained from the emrQA’s
templates, and 54% of the human-generated questions of Yue
et al [42] used the same templates from emrQA.

The RxWhyQA dataset [27] and Fan [35] dataset have
reasoning-based questions. The RxWhyQA dataset contains a
combination of reasoning-based unanswerable and multi-answer
guestions. Similar to the emrQA dataset, Rx\WhyQA is also a
template-based dataset and hence not very realistic. This made
it necessary to create datasets that are more realistic and closer
toreal physicians questions. The Discharge Summary Clinical
Questions dataset [43] was created to address this issue and
included questions about clinically relevant problems by
gathering questions that clinicians could ask. It includes 2029
guestions and >1000 triggers based on MIMIC-1I1 discharge
reports.

Most of the QA on unstructured EHR datasets is based on
discharge summaries [26,27,35,43,45,74]. RadQA [37] and
Dada et a [51] are the only 2 QA datasets that use radiology
reports for QA. The types of questions used in the EHR QA
datasets vary greatly from one another. emrQA coversdifferent
types of questions, including factual (“what” and “show me”),
reasoning (“how” and “why”), and class prediction (“is’ and
“has’). However, the distribution of questions for the emrQA
dataset is skewed; that is, most of the questions in the emrQA
dataset start with “what.” In comparison, the authors of RadQA
clam that the questions in their dataset are more evenly
distributed than emrQA. The RxWhyQA dataset [27] and Fan
[35] are reasoning-based questions, and hence their questions
have “why cues” Raghavan et a [34] predominantly have
temporal questions along with questions on presence or absence
(ie,“yes’ or “no” questions) aswell as questions on medications,
tests, and procedures. Mishra et a [45], by contrast, restrict
themselves to diagnosis-related questions. Table 3 compares
some of the EHR QA datasets using unstructured EHR datafor
QA.. Out of the 14 QA datasets on unstructured EHR notes, only
4 of them (RadQA [37], RxWhyQA [27], Hamidi and Roberts
[48], and Dada et a [51]) contain unanswered questions.
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Table 3. Comparison of different electronic health record (EHR) question answering (QA) datasets on unstructured data.

Dataset Mode of dataset generation ~ Total ques- Unanswered ques- Average question  Total arti-  Average article length
tions, n tions, n length (tokens, n)  cles, n (tokens, n)
emrQA [26] Semiautomatically generated 1,295,814 0 8.6 2425 3825
RxWhyQA [27] Automatically derived from 96,939 46,278 _a 505 —
the n2c2” 2018 ADES® NLPY
challenge

Raghavan et al Human-generated (medical 1747 0 — 71 —

[34] students)

Fan [35] Human-generated (author) 245 0 — 138 —

RadQA®[37] Human-generated (physi- 6148 1754 8.56 1009 274.49

cians)

Oliveiraeta [38] Human-generated (author) 18 0 — 9 —

Yueet al [42,74] Trained question generation 1287 0 8.7 36 2644

model paired with a human-
in-the-loop

DiscQ' [43] Human-generated (medical 2029 0 4.4 114 1481

experts)

Mishraet a [45] Semiautomatically generated 6 questionsor — — 568 —

article

Yue et al [46] Human-generated (medical 50 0 — — —

experts)

CLIFTY[47] Validated by human experts 7500 0 6.42,8.31, 7.61, — 217.33, 234.18, 215.49,
7.19, and 8.40 for 212.88, and 210.16 for
smoke, heart, med- smoke, heart, medication,
ication, obesity, obesity, and cancer
and cancer datasets datasets, respectively

Hamidi and Human-generated 15 5 — — —

Roberts [48]

Mahbubeta [50] Combination of manual explo- 28,855 — 6.22 2336 1003.98

ration and rule-based NLP
methods

Dadaet a [51] Human-generated (medical 29,273 Unanswered ques- — 1223 —

student assistants) tions available
3Not applicable.

Bn2c2: natural language processing clinical challenges.
CADE: adverse drug events.

INLP: natural language processing.

®RadQA: Radiology Question Answering Dataset.
fDiSCQ: Discharge Summary Clinical Questions.
9CLIFT: Clinical Shift.

QA Datasets Based on Structured EHR Data

EHR tables contain patient information, such as diagnoses,
medications prescribed, treatments, procedures recommended,
laboratory results details, and so on. It also includes a lot of
temporal information, such as the date of admission, the date
of discharge, and the duration of certain medications. The goal
of QA tasks over structured databases is to trandate the user's
natural language question into aform that can be used to query
the database.

The QA task on structured EHRSs can be classified into 2 types
based on the 2 most common forms of structured data: rel ational
databases and knowledge graphs. The first type of QA task

https://www.jmir.org/2024/1/e53636
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entails converting natural language questions into SQL (or
logical form) queries that can be used to query the database. In
the other type of approach, the EHR data exist in the form of
knowledge graphs containing patient information, and the
natural language questions are often converted into SPARQL
gueries to retrieve the answer. MIMICSQL, emrKBQA, and
EHRSQL are examples of datasets that use table-based QA
approaches whereas datasets such as Clinical Knowledge Base
Question Answering (Clinicad KBQA) and MIMIC-SPARQL*
use knowledge graph—based QA approaches.

MIMICSQL [5] is a large dataset used for question-to-SQL
guery generation tasksin the clinical domain. The MIMICSQL
dataset is based on the tables of the MIMIC-III database.
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emrKBQA [8] isthe counterpart of the emrQA dataset for QA
on structured EHRs. It is the largest QA dataset on structured
EHR data (Figure 5) and contains 940,000 samples of questions,
logical forms, and answers. EHRSQL [36] is a text-to-SQL
dataset for 2 publicly available EHR databases—MIMIC-I11
[11] andelCU [10Q]. Itistheonly QA dataset on structured EHR
data that contains unanswerable questions. Other QA datasets
for structured EHR databases include MIMIC-SPARQL* [41]
and Clinica KBQA [40]. However, unlike previous table-based
QA datasets, these are knowledge graph—based QA datasets.

The MIMICSQL dataset [5] was created by making changesto
the MIMIC-1II database’s original schema. In total, 9 tables
from the MIMIC-I1I database were merged into 5 tables to
simplify the data structure. The derived tables and schemaswere

Bardhan et d

not the same as those found in actual hospitals and nursing
homes. Therefore, a model trained on the MIMICSQL dataset
will not be able to generalize to a real-world hospital setting.
To address this issue, Park et a [41] introduced 2 new
datasets—agraph-based EHR QA dataset (MIMIC-SPARQL*)
and a table-based EHRQA dataset (MIMICSQL*). This was
done to improve the analysis of EHR QA systems and to
investigate the performance of each of these datasets.
MIMICSQL [5] wasmodified to create MIMICSQL* to comply
with the origina MIMIC-111 database schema [11]. The graph
counterpart of the MIMICSQL* dataset isMIMIC-SPARQL*.
Figure 6 compares the 2 datasets—MIMICSQL and
MIMICSPARQL* based on the length of the questions and the
length of SQL/SPARQL queries.

Figure 6. Averagelength of questions and SQL/SPARQL Protocol and RDF Query Language (SPARQL ) queries (in tokens or words) for MIMICSQL

and MIMICSPARQL datasets.
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Wang et a [40] generated a clinica knowledge graph
(ClinicalKB) with the help of clinical notes of n2c2 annotations
and linked different patient information to perform KB QA.
Furthermore, Wang et al [40] generated the Clinicad KBQA
dataset that can answer statisticsrelated questions about
different patients as well as questions specific to individual
patient records.

Roberts and Demner-Fushman [23,24] and Soni et al [44]
introduced datasets where logical forms (based on lambda
calculus expressions) were created for questionsto perform QA
on EHR data (known as semantic parsing). Roberts and
Demner-Fushman [23,24] generated abottom-up grammar-based
method that generates logical forms for question phrases. Soni
et al [44] constructed the question-logical form dataset with the
help of the Fast Healthcare Interoperability Resources server.

QA Datasets Based on Multimodal EHR Data

Multimodal QA is QA over >1 modality. QA over >1 modality
can help in seeking more accurate answers while taking
advantage of >1 source for QA. DrugEHRQA [25] is the first
multimodal EHR QA dataset. It uses both structured tables of
MIMIC-III and unstructured clinical notes for QA. The
DrugEHRQA dataset is a template-based dataset containing
medicine-related queries, its corresponding SQL queries for

https://www.jmir.org/2024/1/e53636
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MIMICSPARQL*

guerying over multi-relational EHR tables, the retrieved answer
from one or both modalities, as well as the final multimodal
answer. The MedAlign dataset [49] also uses structured and
unstructured EHR datafor QA, but indirectly. The instructions
and response pairs of the MedAlign dataset are based on XML
markup documents that are derived from structured and
unstructured EHR data.

Modelsand Approachesfor QA on EHRs

This section describes the various QA models used in EHRs.
QA tasksvary depending on the EHR modality because different
information is found in different modalities. Most QA models
on clinical notes use a MRC approach, that is, for a given
question, the QA model is trained to predict the span of text
containing the answer from the clinicd note
[26,27,38,42,48,50,51,59,65,66]. For QA over EHR tables,
tranglating questions to SQL queries is one of the major
approaches used to retrieve answers from the EHR tables
[5,61,62,71]. The other approach is to transform the EHR
relational database into a knowledge graph and perform a
knowledge-graph QA task [39,41,61]. Table 4 summarizes all
the QA models (full QA) used for EHRs. Multimedia A ppendix
4 [5,8,23,25-27,38-42,44,48-51,57-74] contains  further
information about these models.

JMed Internet Res 2024 | vol. 26 | €53636 | p. 11
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Bardhan et d

Table4. Summary of models for question answering (QA) over electronic health records.

Papers Model
Pampari et a [26] o  For QA task: DrQA’s document reader and a multiclass logistic re-
gression model for predicting class.
«  For question-to-logical form task: a sequence-to-sequence model is
used with attention paradigm
Moon et a [27] «  Clinica BERTamodel with incremental masking

Oliveiraet al [38]

Yueet al [42]

Hamidi and Roberts [48]

Fleming et al [49]

Mahbub et al [50]

Dadaet al [51]

Roberts and Patra [57]

Rawat and Li [59]

Rawat et al [60]
Wen et a [64]
Soni and Roberts [65]

Mairittha et al [66]

Moon et a [67]
Li et a [68]
Yang et a [69]

Lehman et d [73]

Kang et a [70]
Wang et al [5]

Raghavan et d [8]

Pan et a [62]

BioBERTpt

For QA task: DrQA’'s DocReader and Clinica BERT

For question generation task: QPPb moduleis used with base question
generation models (NQGc, NQG++, and BERT-SQGd)

ChatGPT (versions 3.5 and 4), Google Bard, and Claude

6 language models: GPT-4 (32 K tokens+multistep refinement), GPT-
4 (32-K tokens), GPT-4 (2K tokens), Vicuiia-13B (2K tokens),
Vicufia-7B (2K tokens), and Vicufa-7B (2K tokens)

Baseline models: 4 state-of-the-art pretrained language mod-
els—BERT, BioBERT, BIueBERT, and Clinica BERT for QA.
Modeling with transfer learning: sequential learning and adversaria
learning

G-BERT and GM-BERT

Hybrid semantic parsing method, uses rule-based methods along with
amachine learning—based classifier.

Uses multilevel attention layers along with local and global context
while answering questions

Multitask learning with BERT and ERNIE [76] as the base model
BERT model trained on different data sources
BERT, BioBERT, clinical BERT, and XLNet

BERT (large, uncased, whole word masking), BERT fine-tuned on
SQuADe benchmark, BioBERT, and an extended BioBERT fine-
tuned on unstructured EHR data

Clinica BERT model fine-tuned on SQUAD-why dataset
Clinical-Longformer and Clinical-BigBird language model
GatorTron language model

12 different language models (T5-Base, Clinical-T5-Base-Ckpt,
Clinical-T5-Base, RoOBERTa-Large, BioClinRoBERTa, GatorTron,
T5-Large, Clinical-T5-Large, PubMedGPT, T5-XL, Flan-T5-XXL,
and GPT-3)

KALAf

TREQSg

Minet a [77] for sequence-to-sequence task along with ParaGen and
ParaDetect model

Medical text-to-SQL model
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Papers

Model

Soni and Roberts [63]

Tarbell et al [71]

qUEHRY [72]

Kim et a [39]
Wang et a [40]

Park et al [41]
Schwertner et al [58]
Baeet a [61]

Bardhan et al [25]

o  Tranx, Coarse2Fine, transformer, and lexicon-based

«  T5language model for question-to-SQL task, along with data aug-
mentation method for back-tranglation

«  End-to-end EHR QA pipeinewith concept normdization (M etaMap),
time frame classification, semantic parsing, visualization with question
understanding, and query modulefor FHIRh mapping and processing

«  Program-based model

«  Attention-based aspect reasoning

o Seq2Seqg model [78] and TREQS [5]

«  ENSEPROI framework

«  Unified encoder-decoder architecture that uses input masking

«  Multimodal EHRQA

8BERT: Bidirectional Encoder Representations from Transformers.
bQPP: question phrase prediction.

°NQG: Neural Question Generation.

4BERT-SQG: BERT-Sequential Question Generation.

®SQUAD: Stanford QA dataset.

'KALA: Knowledge-Augmented Language model Adaptation.
9TREQS: Trangate-Edit Model for Question-to-SQL.

PEHIR: Fast Healthcare Interoperability Resources.

IENSEPRO: Ensino de Servigos Proativos (in Portuguese), which transates to Teaching Proactive Services.

We can observe from Table 4 that over the years, DrQA’s
document reader, BERT, and Clinicl BERT are some of the
most popular QA models used for unstructured clinical notes
[26,27,42,50,60,64-67]. However, since the year 2022, there
has been a sharp rise in the number of studiesintroducing new
large language models (besides BERT and other variants of
BERT) for MRC tasks [48,68,69,73]. For example,
Clinical-Longformer and Clinical-BigBird [68] and GatorTron
[69] language modelswere proposed for varioustasks, including
EHR QA. Hamidi and Roberts [48] aso evaluated the
performance of ChatGPT, Google Bard, and Claude for EHR
QA. Lehman et a [73] is another study introduced in the year
2023 that evaluated different language models (T5-Base,
Clinical-T5-Base-Ckpt, Clinical-T5-Base, RoBERTa-Large,
BioClinRoBERTa, GatorTron, T5-Large, Clinical-T5-Large,
PubMedGPT, T5-XL, Flan-T5-XXL, and GPT-3) for MRC task
on EHR notes.

For QA over structured EHR tables, Trandate-Edit Model for
Question-to-SQL (TREQS) [5], Medical text-to-SQL (MedTS)
[62], and T5 [71] models are used. TREQS [5] is a
seguence-to-sequence model that uses a question encoder to
convert the questionsinto vector representations, which arethen
decoded into SQL queries by the decoder. The generated SQL
queriesarefurther edited using an attentive-copying mechanism
and recovery mechanism. The MedTS model [62] is another
text-to-SQL model that uses a pretrained BERT model as an
encoder and agrammar-based long short-term memory (LSTM)

https://www.jmir.org/2024/1/e53636

decoder to obtain an intermediate sequence. Experiments on
the MIMICSQL dataset have shown that the MedTS model
outperformsthe TREQS model by 22.8% logical form accuracy
and by 24.5% execution accuracy. Note that logical form
accuracy and execution accuracy are some common evaluation
metricsin text-to-SQL tasks. They areexplained in detail in the
Evaluation Metrics section. Some other exampl es of table-based
QA methods include Tranx [79], Coarse2Fine [80],
transformer-based model [63], lexicon-based models [63],
QUEHRY [72], and sequence-to-sequence tasks used with
ParaGen and ParaDetect models[8].

Some models for QA over graph-based EHR are the
seguence-to-sequence model [41], TREQS model [41], UniQA
model [61], and attention-based aspect reasoning method for
KBQA [40]. For most of these models [41,61], the EHR
relational database (such as MIMIC-III) is converted into a
knowledge graph, and aquestion-to-SPARQL task isperformed
to retrieve answers from the knowledge graph. The
seguence-to-sequence model [78] uses a bidirectiona LSTM
astheencoder and usesL STM decoder while having an attention
paradigm. Unlike the TREQS model [5], the
seguence-to-sequence model cannot handle out-of-vocabulary
words. The UniQA model [61] uses a unified encoder-decoder
architecture along with input-masking and value-recovering
techniques; thus, it isrobust to typos and mistakesin questions.
The condition value of the query generated using the
guestion-to-query model is compared with the values in the
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database. Thisis called the condition value recovery technique.
ROUGE-L score [81] is used to check the similarity between
the valuesin the database to that of the condition valuesin the
generated query. Then, the condition values are replaced with
values most similar to those in the database. After applying the
recovery technique, UniQA outperforms both the
sequence-to-sequence model (by 74.6% logical form accuracy
and 69.2% execution accuracy) and the TREQS model (by
14.2% logical form accuracy and 11.2% execution accuracy).

Most of the existing works discuss only QA on unimodal EHR
data. Bardhan et al [25] have proposed a simple pipeline for
multimodal QA on EHRs(called Multimoda EHRQA) that uses
a modality selection network to choose the modality between
structured and unstructured EHR as the preferred modality. 1f
the selected modality obtained is “unstructured text,” then QA
is performed over the clinica notes using BERT or
ClinicalBERT, and the span of text from the clinical notes is
returned as the multimodal answer. Similarly, if the preferred
modality selected is“structured tables,” then atext-to-SQL task
is performed using the TREQS model [5]. Further research is
still needed to develop a multimodal QA model capable of
handling the more challenging task of using answersfrom both
structured and unstructured data to obtain a contextualized
answer.

Evaluation Metrics

In this section, we discuss the different eval uation metrics used
for EHR. Evaluation metrics are used to evaluate the efficacy
of different models. Multimedia Appendix 5 lists the different
evaluation metrics used in different EHR QA studies.

The type of QA task would determine the evaluation metrics
used. For QA with MRC tasks (eg, in QA over clinical notes),
exact match and F;-score are the most popular metrics for
evaluation [26,27,42,46,50,51,60,65,66,68]. Exact match refers
to the percentage of predictions that exactly match the ground
truth answers. In [26], an exact match is used to determine if
the answer entity is included in the evidence. If not, it is
determined whether the projected span of evidence is within a
few characters of the actual evidence. Precision measures the
number of tokens in a prediction that overlap with the correct
answer compared with the total number of tokens in the
prediction. Recall calculates the proportion of tokens in the
correct answer that areincluded in the prediction compared with
the total number of tokens in the correct answer. Precision and
recall are represented using equations 1 and 2.

Precision=TP/(TP+FP) (1)

Recal=TP/(TP+FN) (2)
Where TP, FP, and FN represent true positives, false positives,
and false negatives, respectively, at thetoken level. The F;-score

is abroader metric that cal culates the average overlap between
the prediction and the correct answer [6]. It is defined as the
harmonic mean of precision and recall. Thisisrepresented using
equation 3. Wen et al [64] and Moon et al [67] used exact match
and partial match to assess the QA models for answering
guestions based on patient-specific clinical text. The F;-score

was used for weighing the partial match between the predicted

https://www.jmir.org/2024/1/e53636
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token of words and the golden token of words. The F;-scoreis

calculated using the following equation:;
F1=2x(PrecisionxRecall) / (Precision+Recall) (3)

Evaluation metrics, such aslogical form accuracy and execution
accuracy, are commonly used for evaluating modelsresponsible
for table-based QA that use a question-to-SQL query-based
approach [5,62,71]. They are also used for graph-based QA that
uses aquestion-to-SPARQL query-based approach [41,61]. The
logical form accuracy is calculated by making a string
comparison between the predicted SQL/SPARQL queries and
the ground truth queries, and execution accuracy is calculated
by obtaining the ratio of the number of generated queries that
produce correct answersto thetotal number of queries[5]. There
areinstances where execution accuracy might include questions
where the generated SQL query is different from the ground
truth query, but the returned answer is the same. Structural
accuracy is another metric to evaluate models used for
guestion-to-SQL /question-to-SPARQL query tasks [41,61].
Structural accuracy is similar to measuring logical form
accuracy, except that it ignores the condition value tokens.
Condition value refers to the string value or numeric value in
the WHERE part of the SQL/SPARQL query. For example, in
the SQL query “SELECT MAX(age) from patients WHERE
Gender='F and DoB>2020,” “F" and 2020 are the condition
values. The objective of using structural accuracy isto evaluate
the accuracy of converting questions to SQL/SPARQL query
structures, by not giving importance to the condition values
(similar to the Spider dataset [82]). Raghavan et al [8] use exact
match and denotation accuracy for evaluating clinical table-QA
models. The framework involves the following 2 stages: (1)
predicting logical formsfor questionsand (2) obtaining answers
from the database with logical forms as input. Exact match is
used for semantic parsing, while denotation accuracy isused to
evaluate models for obtaining answers from logical forms.
Denotation accuracy checks if the logical forms that are input
to themodel return the correct label answer, and the exact match
isused to check if the logical forms generated are the same as
the ground truth logical forms.

A variety of text-generating metrics have been used to evaluate
guestion paraphrasing. Soni et al [52] used Bilingual Evauation
Understudy (BLEU) [83], Metric for Evaluation of Translation
with Explicit ORdering (METEOR) [84], and translation error
rate (TER) [85] for eval uating paraphrasing models. The BLEU
score eval uates how closely generated paraphrases (or candidate
tranglations) resemble those in the reference. Thisis done with
exact token matching. The BLEU scoreis calculated asfollows:

BLEU = brevity penatyxexp (3 w,log p,) (4)
where,

Bravity penalty=min(1, exp(1-reference length/output

length)) (5)

p,=total number of candidate n-grams/total

number of matched n-grams (6)

In equation 4, w,, represents the weight for each n-gram. The

METEOR score, by contrast, uses synonyms and word stems.
Thisis represented using the following equations:
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METEOR = Fx(1—Penalty) (7)
where,

F = (Precision x Recall)/(a x Precision + (1 — a) x

Recall) (8)

Penalty =y x (ch/m)(3 (9)
In equation 9, “ch” isthe number of chunks that match, and m
is the number of uniforms that match between the prediction
and the reference. The parameters a, 3, and y are adjusted to
maximize the correlation with human judgments. The edit
distance (the number of edits necessary to change one sentence
into another) between generated and reference paraphrases is
measured by the TER score. It is calculated by adding up all
the edits, dividing that total by the number of words, and
multiplying that result by 100, that is,

TER = (number of edits/ average number of reference
words) x 100 (10)

Discussion

Challenges and Existing Solutions

Limited Number of Clinical Annotations for
Constructing EHR QA Datasets

There are very few clinical EHR annotations that are publicly
available. The n2c2 repository is one of the very few public
repositories that hosts EHR NLP datasets (that can be used to
create template-based QA datasets). This is because creating
these annotations requires a lot of manual work, which can be
time-consuming, and a the same time requires domain
knowledge [25,26]. For the same reasons, it was difficult to
annotate EHR QA datasets. There are also some ethical issues
and privacy concernsthat need to be handled while constructing
EHR QA datasets. This involves the deidentification of
information related to patients.

Datasets such as emrQA [26] and Clinicd KBQA [40] are
examples of templ ate-based datasetsthat have used the available
expert annotations of the n2c2 repository to generate large-scale
patient-specific QA datasets using semiautomated methods,

Bardhan et d

taking advantage of the limited clinical annotations. While
guestionsin these datasets do not represent the true distribution
of questions one would ask to EHR, their scale makes them
valuable for transfer learning and method devel opment.

Concept Normalization in Clinical QA

QA in any domain has its own challenges. However, clinical
QA hasadded challenges. One major challengeiswhen different
phrases are used for the same medical concept in the question
and the database. Clinical normalization is used to deal with
this issue. Clinical normalization involves recognizing the
medical entities and terminologies and converting them into a
singular clinical terminology or language. Many EHR QA
datasets, such as emrQA, have used MetaMap [86] during the
dataset generation process to map medica terminologies
mentioned in the clinical text to the Unified Medical Language
System (UMLS) Metathesaurus. However, it has been argued
that concept normalization for EHR QA is fundamentally
different than the task on clinical notes [72], so QA-specific
datasets are clearly needed.

Generating Realistic EHR QA Datasets

It is necessary to ensure that questions in EHR QA datasets
contain realistic questions that clinicians and patients would
want answered from EHR data. To create realistic questions
while constructing the EHRSQL dataset [36], apoll was created
at a hospital to gather real-world questions that are frequently
asked on the structured EHR data. The Discharge Summary
Clinical Questionsdataset [43] also included clinically relevant
questions by collecting questions that physicians could ask.
Thisensured the use of medically relevant questionsinthe EHR
QA datasets.

Adding more paraphrases to the QA dataset is another manner
to ensure the questions are realistic. This is because, in a
real-world scenario, the same question may be posed or stated
in different manners. Generation of paraphrases may be
machine-generated, human-generated [26], or it could be a
combination of both [36]. Table 5 lists the number of
paraphrases used per template in different EHR QA datasets.

Table 5. Summary of paraphrases used in various electronic health record (EHR) question answering (QA) datasets.

Dataset Paraphrases per question type, mean  Method of generating paraphrases  Number of questions
MIMICSQL [5] 1 Human labor (crowdsourcing) 10,000
emrQA [26] 7 Human labor (templates generated 1,000,000
by physicians were slot-filled)
emrKBQA [8] 75 Human labor (templates generated 940,173
by physicians were slot-filled)
EHRSQL [36] 21 Human labor and machine learning 24,000

Open Issues and Future Work

Redundancy in the Types of Clinical Questions

Most of the existing EHR QA datasets are template-based
datasets that are obtained by slot-filling. These datasets have
several instances of the sametype of templatesthat are dot-filled
with various entities. Therefore, there is redundancy in the

https://www.jmir.org/2024/1/e53636

diversity of questions generated. Thisis still an ongoing issue
that needs to be addressed.

Need for Multimodal EHR QA Systems

Clinical EHRs contain a vast amount of patient information.
Structured EHR data contain highly complementary data that
may or may not be present in the clinical notes. Theinformation
in structured and unstructured EHR data may contain
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information that is similar, may contradict, or can provide
additional context between these sources. Thereisaclear need
for EHR QA systems that reason across both types of data.

DrugEHRQA [25] and MedAlign [49] datasets are the only
multimodal EHR QA datasets (athough MedAlign dataset is
technically a pseudo-multimodal EHR QA dataset because the
QA pairsof the MedAlign dataset are based on an XML markup
that are derived from structured and unstructured EHR data).
Bardhan et al [25] introduced a simple baseline QA model for
multimodal EHR data, and further research isneeded to devel op
a multimodal QA model that unifies the EHR data modalities
to obtain a contextualized answer.

QA of EHRs on Unseen Paraphrased Questions

QA modelstrained on clinical question-answer pairswhen tested
on unseen paraphrased questions have historically produced
poor results. There have been works that have tried to address
this challenge. The model in Raghavan et a [8] uses
paraphrasing detection and generation as a supplementary task
to handle this issue. Another solution was discussed in Rawat
et d [60]. Rawat et a [60] introduced a multitask learning
approach where extractive QA and prediction of answer span
were the primary tasks, with an auxiliary task of logical form
prediction for the questions. However, thisis till an ongoing
issue that needs further work.

QA of EHRs on Unseen Data

QA models should be ableto generalizeto new clinical contexts
and EHR questions. To study generalization, Yue et al [46]
evaluated the performance of a model trained on the emrQA
dataset on a new set of questions based on clinical notes of
MIMIC-I11. The experiment proved that the accuracy of the QA
model dropped down by 40% when tested on unseen data. The
same research group later proposed a solution [42]. They
developed the CliniQG4QA framework, which uses question
generation to obtain QA pairs for unseen clinical notes and
strengthen QA modelswithout the need for manual annotations.
This was done using a sequence-to-sequence-based question
phrase prediction model.

This issue was also addressed in question-to-SQL tasks for
table-based EHR QA. Tarbell et a [71] introduced the
MIMICSQL 2.0 data split (derived from the existing
MIMICSQL dataset [5]) to test the generalizability of existing
text-to-SQL models on EHRs. The performance of the TREQS
[5] model onthe MIMICSQL 2.0 datasplit wasdrastically poor
(logical form accuracy of 0.068 and execution accuracy of 0.173
when trained on paraphrased questions and tested on
paraphrased questions), thus showing the need for improvement.
To improve generalizability of text-to-SQL tasks on EHR data,
Tarbell et a [71] then introduced the use of the T5 model with
the data augmentation method using back-trand ation and further
adding out-of-domain training datato improve generalizability
on text-to-SQL tasks. The proposed model, even though it
outperformed the TREQS model (logical form accuracy of 0.233
and execution accuracy of 0.528 when trained on paraphrased
guestions and tested on paraphrased questions), still needs
further improvement. More work is required in the future to
overcome this challenge.

https://www.jmir.org/2024/1/e53636
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Progress of QA Modelsin Real Clinical Applications

Integrating QA systems into clinical workflows allows health
care practitioners to access current medical information and
recommendations, potentialy lowering medical errors and
improving patient care. Studies are now being conducted on
QA models to determine their accuracy, safety, and reliability
in clinical settings. These studies are critical for establishing
their usefulnessin real-world settings[87]. Efforts are underway
to create user-friendly interfacesthat allow health care providers
to communicate more easily. Some QA models are being tested
in cohort selection studies [13] and clinical trials to determine
their efficacy and safety in real-world contexts. Deploying QA
models in clinical contexts involves ethical problems about
patient privacy, bias reduction, and transparency in
decision-making. Addressing these concerns is critical for
establishing acceptance among health care professionals and
patients. To summarize, while QA models have considerable
benefitsfor clinical practice and research, their implementation
in real-world clinical applications necessitates resolving
integration and ethical issues. To completely harness the power
of QA modelsin hedlth care, artificial intelligence researchers
and physicians must keep working together.

Strengths

In this study, we presented the first scoping review for QA in
EHRs. We methodologically collected and screened papers
related to EHR QA from January 1, 2005, to September 30,
2023, and performed a thorough review of the existing studies
on EHR QA. Then, we explored al the existing datasets,
approaches, and evaluation metrics used in EHR QA.
Furthermore, weidentified the different modalitiesfor QA over
EHRs and described the approaches used for each. We have
fulfilled al PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses extension for Scoping
Review) requirements.

Thisreview helpsto identify the challenges faced in EHR QA.
In addition, this study sheds light on the problems that have
been solved along with the additional gaps that are still
remaining. This will encourage researchers in this domain to
pursue these open problems that have not yet been solved.

Limitations

Despite the strengths of this study, we note a few limitations.
First, the search process was limited to a handful of EHR and
QA-related keywords. Thereis along tail in how these types
of systems are described in the literature, but there is a
possibility that we might have missed relevant studies that did
not match this initia search criteria. We used forward
snowballing to partialy resolve this issue. This helped us to
identify 10 additional papersthat we had missed out on earlier.
However, despite this, thereis still aslim chance that we might
have missed afew relevant studiesin our final list. Furthermore,
given the current expansion of research into EHR QA, we
predict that new studies will be added to this list since our
search.

Conclusions
In recent years, QA over EHRs has made significant progress.
Thisisthefirst systematic or scoping review of QA over EHRs.
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In this paper, we have provided a detailed review of the different
approaches and techniques used for EHR QA. The study began
by discussing the need for large domain-specific EHR QA
datasets and then discussed the existing EHR QA datasets. We
have reviewed the different unimodal EHR QA models used

Bardhan et d

challenges in this field, such as the limited number of clinical
annotations available for EHR QA dataset generation. We also
talked about potential future directions in this field. It is a
relatively new field with many unexplored challenges that
require attention. This study should help future researchers

for both structured EHRs and unstructured EHRS, as well as
QA modelson multimodal EHRs. Then, weidentified the major

explore various research directionswithin EHR QA and expand
the horizons of research areasin thisfield.
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SQUAD: Stanford QA dataset

TER: trandation error rate

TREQS: Trandate-Edit Model for Question-to-SQL
UMLS: Unified Medical Language System
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