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Abstract

For research purposes such as cohort identification, Phenotyping,
Pharmacovigilance, and public health surveillance, electronic health records are an
essential data source. Enabling effective and independent EHR data interrogation
by end users, such as biomedical researchers, is essential to achieving the promise
of EHR data for advancing clinical research. This essay examines contemporary
strategies and significant methodological issues for achieving this goal. With the
goal of making it easier for end users to query EHR data, we modified a previously
published conceptual framework for interactive information retrieval, which
identifies three entities: user, channel, and source. We demonstrate that the
current development in biomedical informatics is predominantly driven by support
for query execution and information modelling, mostly as a result of emphasis
on the creation of data infrastructure. Access through self-service query tools,
but has overlooked the necessity for user help during laborious and erroneous
repetitive query formulation processes. On the other hand, complex theories
and techniques for user modelling and question formulation support have been
provided in the information science literature.
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among biomedical researchers [4]. The biomedical informatics
research community has made it a priority to help biomedical
researchers analyse EHR data. However, there are substantial
technological and human impediments to this undertaking [5].
Task encounters tremendous technological and human hurdles.
Many institutions use intermediary data analysts to retrieve EHR
data for biomedical researchers, with varying degrees of help
from self-service query tools, because the data currently captured
by EHRs is not optimised for secondary uses beyond clinical
care or administration centered documentation practises [6]. In

Introduction

The complementarity between the two bodies of literature
suggests chances for interdisciplinary idea sharing. Based on this,
we propose the routes for future informatics research to enhance
our comprehension of user demands and specifications for
enabling autonomous EHR data analysis by biological researchers
[1]. We propose that our research in supporting effective data
access in the life sciences can benefit from cross-disciplinary
translational research between biomedical informatics and

information science. Patient health records have long been a useful
and affordable data source for biomedical research. For instance,
analysis of patient medical information was used to create the
Goldman multifactorial index of cardiac risks and the Apgar Scale
[2]. Many have recognised the rich clinical data made increasingly
available by EHRs as a promising data resource for expediting
medical knowledge creation and for enabling comparative
effectiveness research as a result of the widespread deployment
of electronic health records around the world [3]. As a result, the
need for reusing EHR data for research has been quickly increasing

massive data networks like the clinical data research networks
included in the cornet created by the Patient centred Outcomes
Research Institute, the usage of intermediates might not scale
[7]. Users of the data in cornet face significant challenges due
to factors including the variability of data representations among
institutions and the intricate, individualised local data gathering
methods that frequently function as black boxes middlemen.
Many institutions have to charge clinician scientists for reusing
such data obtained during patient care for research in order to
manage costs for implicated pricey operations [8]. Self-service
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query support, however, is still in its early stages of development
and might not be able to support complex data queries. We intend
to inform the design of next-generation EHR data interrogation
aids that directly assist biomedical researchers to autonomously
acquire and reuse this data for clinical and translational research
by identifying and assessing existing theories and best practises
for EHR data interrogation [9]. This essay provides a survey of
the related literature in support of that objective. We outlined
current strategies, found research gaps, and suggested research
objectives [10]. Despite the fact that this evaluation focuses
on EHR data, the learned information may apply to interactive
end-user data. The learned skills may be applied to interactive
end-user data interrogation for additional reusable health data
sources. Utilizing a series of tasks, an information retrieval
process responds to information needs [11].

Discussion

The information retriever's a priori understanding of the
information demand, the information retrieval procedure
required by data owners, and the complexity of each task
required to complete the information retrieval process all
influence how complicated the task sequence will be [12]. For
describing the information retrieval process or for examining
how information technologies empower users during this
activity, numerous models have been developed. For instance,
the sense-making model and the berry-picking model both
centre on how the user iteratively refines his or her information
demands based on those conceptualizations. Among all models
currently in use, only concentrate on the user's iterative
refinement of information requirements based on concepts in
the information space. Only one of the current models, created
by Bystrom and Jarvelin, clearly specified the user, channel, and
source as the three entities that determine the complexity of
an information retrieval process. The user entity is concerned
with the user's profiles, communication preferences, and data
literacy. The topic of the source is data representations for the
best data retrieval effectiveness. The channel transforms user
information requirements into data representations while hiding
the intricacies of the source. As a result, the source is the place
where information is stored, and the channel directs the source's
efficient navigation. This conceptual framework was used by us to
arrange the research on interactive EHR data retrieval [13]. In this
essay in this study, we review relevant theories and approaches
in the context of EHR data retrieval for secondary use by end
users, such as biomedical researchers and clinical scientists, who
are not familiar with the data. Since the goal of this work is to
improve query formulation for end users, we prioritise activities
that support the user and the channel while briefly describing
current efforts on the source [14]. In order to further translate
this query from contextualised data elements into executable
database queries made up of various data types and represented
by local terminologies, we co-opted the constructs of user,
channel, and source and combined them with the concepts of
query formulation and query execution, as shown in the step of
query execution. This allowed us to consider all experience as
information. Following this strategy, we examined the informatics
and computer and information science literature in addition
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to the fields of biological and clinical research informatics
that were obviously relevant. Additionally, we divided up all
included citations according to their emphasis on user, source,
and channel to provide quantitative information that helped
us see the broad picture and identify evidence gaps [15]. The
creation of the search query was based on these 74 articles. We
iteratively searched and reviewed the identified articles using
our initial search string, incorporating additional search terms
as they appeared, and modifying our search string and article
inclusion/exclusion criteria as needed based on the relevance
of the results. Via manual inspection. We looked at both the
literature in information science and biomedical informatics. We
felt that the primary journal citation databases for the domains
of information science and biomedical sciences, the ACM Digital
Library, and Medline, would provide a representative sample for
our topic, therefore we restricted our search to these sources.
The inclusion and exclusion criteria used to choose the papers
for this study were based on the PubMed and ACM databases.
The articles that met any of the exclusion criteria were deleted
from the pool. The first author created the final search phrase
and checked the titles and abstracts of the retrieved articles.

Conclusion

The included articles were then iteratively examined and
annotated by the first author using the conceptual framework
created in Section. Each annotation had a summary written by
the first author. According to our conceptual framework arranges
the articles. As can be seen, in the field of information science
rather than in the field of biomedical informatics, more focus was
placed on user modelling, human intermediates, and reference
interviews. The key ideas from each discipline will be summarised
in the parts that follow, along with a comparison and contrast of
their ideas from other sources. There are two types of obstacles
to accessing task-based data in the life sciences. Human elements,
such as a user who does not correctly understand the complexity
of the work. System variables traditional systems' technological
constraints, such as data fragmentation and heterogeneity. We
provided examples of well-known obstacles and the accompanying
suggested fixes. Human factors concern the user, whereas
system factors concern the source's metadata, or in this case,
its absence in her theoretical underpinning of the information
seeking process, kuhlthau gives a great aggregation of these user
traits, which was well validated by review. The process of finding
information has also been studied in the biomedical literature.
Mendonga has presented models for the process of finding
information in biomedical literature that aim to support users'
search strategies by utilising well-structured clinical queries and,
accordingly, the expertise of human search experts. Information-
seeking behaviours are influenced by user cognitive types. The
two orthogonal axes of analysis and description are frequently
used to describe these styles. The descriptive cognitive style
represents a passive approach to information seeking, whereas
the analytic cognitive style captures an active approach that
uses conceptual level questioning to address information needs.
Self-service inquiry systems fall short in meeting user needs,
making human mediators essential in many institutions. These
middlemen work with the user to negotiate their demands. The



user and intermediary's relative lack of medical and technological
understanding are obstacles to this process. Communication
may be more effective if these knowledge gaps between the
intermediary and the user are closed. Users frequently give a
hazy knowledge and description of their information needs. A
uniform format for organising requests could be advantageous for
intermediaries since it could lessen the ambiguity of the request
and free the intermediary to concentrate on other activities,
including query execution.
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