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Abstract

Despite the critical importance of biomedical databases like MEDLINE, users are often
hampered by search tools with stagnant designs that fail to support complex exploratory
tasks. To address this limitation, we synthesized research from visual analytics and related
fields to propose a new design framework for non-traditional search interfaces. This frame-
work was built upon seven core principle: visualization, interaction, machine learning,
ontology, triaging, progressive disclosure, and evolutionary design. For each principle, we
detail its rationale and demonstrate how its integration can transcend the limitations of
conventional search tools. We contend that by leveraging this framework, designers can
create more powerful and effective search tools that empower users to navigate complex
information landscapes.

Keywords: MEDLINE; information retrieval; exploratory search; search interfaces; design
framework; visual analytics; interaction design

1. Introduction
MEDLINE [1] is a critical biomedical database containing over 31 million records from

all areas of healthcare, maintained by the U.S. National Library of Medicine. Researchers,
clinicians, and patients (henceforth, users) rely on MEDLINE to conduct research and
stay current in the medical domain. Given MEDLINE’s scale and importance, the tools
used to search it must effectively support users in finding relevant information. This
paper addresses the shortcomings of traditional search tools by establishing foundational
principles for the design of more effective, non-traditional interfaces for MEDLINE.

To use MEDLINE, users engage in complex search tasks, typically via traditional
tools such as PubMed [2]. However, these tools frequently fail to leverage users’ prior
knowledge or provide sufficient contextual cues, hindering effective query formulation and
results assessment [3]. For example, Herceg et al. [4] found that users routinely struggled
to understand the search domain, articulate their information-seeking goals, and assess
the relevance of results. When a tool fails to facilitate these activities, its effectiveness is
significantly compromised, leaving users overwhelmed by information and unable to make
rapid relevance judgments [4]. In short, the design and capabilities of a search tool directly
dictate a user’s ability to complete their tasks successfully.

As an illustrative case, PubMed, the primary tool for biomedical literature searches, is
widely used but has notable limitations [5]. PubMed requires the knowledge of specific

Data 2025, 10, 167 https://doi.org/10.3390/data10100167

https://doi.org/10.3390/data10100167
https://doi.org/10.3390/data10100167
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/data
https://www.mdpi.com
https://orcid.org/0009-0001-2455-8610
https://orcid.org/0000-0002-3386-7079
https://doi.org/10.3390/data10100167
https://www.mdpi.com/article/10.3390/data10100167?type=check_update&version=1


Data 2025, 10, 167 2 of 22

medical vocabularies and often returns an unmanageably large number of results [6]. For
instance, Salvador-Oliván et al. [7] crafted an optimally detailed PubMed query (over
1000 characters long) to retrieve systematic reviews with high precision, but even this
expert query returned more than 45,000 results. In practice, most users do not construct
such elaborate queries, tending instead to use only a few keywords over very few itera-
tive attempts [8]. Furthermore, Morshed and Hayden [9] observed that for quick clinical
searches, PubMed’s success rate was worse than that of almost all other tools, outperform-
ing only a generic Google search. These issues make it evident that PubMed and similar
traditional search tools are ill-equipped to fully support many of their users’ information
retrieval needs.

While some prior research has investigated search tool design, it often yields fixed lists
of features or requirements that assume a traditional interface. For example, Gusenbauer
and Haddaway [10] enumerated desired features for academic search systems but derived
their requirements largely from existing search paradigms. Because such efforts extrapolate
from traditional designs, they risk perpetuating the very limitations they aim to address. A
clear gap exists in research that explores fundamentally different solutions to the inherent
problems of traditional search.

One area of research that offers novel solutions is visual analytics, particularly through
tools for searching and triaging large document sets [6,11,12]. These tools integrate interac-
tive visualizations and advanced data analytics to empower users in complex, data-driven
tasks [13]. They enable a richer exploration, analysis, and organization of document col-
lections than is possible with a static list of results [14–17]. Alongside visual analytics,
technologies such as ontologies [18] and large language models (LLMs) [19] have also been
studied to inform more effective search tool design. It is from these lines of research that
we can identify principles to guide a new approach.

Building on this foundation, this paper identifies and discusses seven key design
principles for developing next-generation search tools for MEDLINE. These principles
were selected because they directly address the core limitations consistently identified
in the literature evaluating traditional search interfaces, MEDLINE search, and large-
scale document analysis. While not exhaustive, these seven principles—visualization,
interaction, machine learning, ontology, triaging, progressive disclosure, and evolutionary
design—provide a robust framework for conceptualizing more effective search tools. This
paper examines how each principle influences the search process and helps transcend
the shortcomings of conventional designs, thereby presenting practical considerations for
creating more powerful, non-traditional MEDLINE search tools.

The rest of this paper is structured as follows. We first provide background on tra-
ditional search paradigms before introducing the seven design principles. Subsequently,
each principle is discussed in detail, with examples from prior work illustrating its implica-
tions. We then examine the principles holistically, highlighting their interconnectivity and
trade-offs. The paper concludes with a summary of the findings.

2. Background
To understand the need for a new design framework, it is essential to first analyze the

functional limitations of traditional search tools. This section begins by deconstructing the
search process into its core sub-tasks: query building, parsing, and analysis; afterward, it
examines how conventional interfaces like PubMed support them. This analysis reveals the
critical shortcomings that motivated the introduction of the seven design principles that
form the foundation of our proposed framework.
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Traditional Search Tools

Traditional search tools, such as Google and PubMed, rely heavily on keyword match-
ing and fixed algorithms. While effective at processing vast datasets, they typically return
lists of results without conveying a deeper contextual understanding of the query or user
intent. Their interfaces have converged on a standard design comprising a few common
elements: a text search bar for query input (Figure 1a); filter options for refining results
(Figure 1b); a list of titles or snippets to display results (Figure 1c); pagination controls
(Figure 1d); and occasionally a simple visualization such as PubMed’s timeline bar chart
(Figure 1e).

 

Figure 1. An annotated screenshot of PubMed, a traditional search tool, divided into five sections:
text search bar (a); filter options, partial (b); result list, partial (c); page buttons (d); and timeline bar
chart (e). Source: Unannotated image generated on 6 June 2025, using the public web portal provided
by The National Library of Medicine, https://pubmed.ncbi.nlm.nih.gov/?term=heart (accessed on
6 June 2025).

https://pubmed.ncbi.nlm.nih.gov/?term=heart
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A complete search task can be conceptualized as three sequential sub-tasks: query
building, result parsing, and document analysis. Initially, users must build a query to
communicate their information need. In traditional interfaces, this is confined to typing
keywords into a search bar and applying pre-set filters. While alternative query-building
mechanisms exist, such as hierarchical tree structures [20] or spatial layouts [21], they are not
common. Next, users must parse the results to identify potentially relevant documents. This
step involves scanning result lists and using supplementary cues, like PubMed’s timeline,
to triage the information. Researchers have proposed more advanced representations to
aid parsing including graphical overviews [17,22] and spatial layouts [23,24]. Finally, users
analyze selected documents to determine whether they contain the desired information.
Traditional tools offer minimal support for analysis, typically redirecting the user to the
full document on a separate page. While methods for in-tool analysis like word cloud
visualizations [25] or automatic summaries [26] have been suggested, they are rarely
integrated into mainstream tools.

This functional breakdown reveals a significant imbalance; traditional search tools
primarily support the parsing sub-task while offering minimal assistance for query build-
ing or in-depth analysis. They seldom leverage users’ prior domain knowledge or ac-
commodate their cognitive needs during the search process [3,6]. The consequences are
well-documented; when faced with a large number of results, users tend to examine only
the first page, potentially missing important information [8]. Although extensive research
has been conducted to address these issues, from evaluating existing tools [10] to develop-
ing entirely novel semantic or visual interfaces [17,27,28], the prevailing design paradigm
remains largely unchanged. This persistent gap between user needs and tool capability
demonstrates that a principled, framework-driven approach to search interface design
is necessary.

3. A Framework for the Design of MEDLINE Search Tools
Having mentioned the seven principles of the design framework, this section demon-

strates how they can be systematically applied to address the specific challenges of searching
MEDLINE. For each principle, we first identify a key limitation inherent in traditional
MEDLINE search tools. We then analyze how the targeted application of that principle can
overcome this limitation, with a focus on supporting the core search sub-tasks of query
building, parsing, and analysis. Finally, we ground this analysis in examples from prior
work. This is followed by a discussion of the interconnections among the principles and
the trade-offs that may arise between them. By systematically applying this framework,
while acknowledging that it is a preliminary, non-exhaustive model, designers can create
search tools that are demonstrably more usable and effective.

3.1. Visualization

As the primary medium through which users engage with search tools, visualization is
a foundational design principle. Visualizations are graphical representations of information
that can facilitate faster perceptual processing than text alone [29]. By compactly encoding
vast amounts of information in a given space [6,29], they allow for the nonlinear exploration
of data, bypassing the sequential constraints of a traditional results list [30,31]. When made
interactive, these visual representations enrich the exchange of information between user
and tool, providing superior support for complex cognitive tasks like searches [32].

In practice, visualizations are implemented in search interfaces in several ways. Some
systems use visual markers to augment a traditional results list, indicating key document
properties at a glance [12,27]. Others supplement the list with adjacent charts or graphs
such as PubMed’s timeline (Figure 1e) or the EEEvis system’s data plots [17]. Recent studies
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have applied LLMs to organize search results [33] or to generate charts and graphs [34].
More advanced systems abandon the traditional list entirely, replacing it with a fully
visual display for representing and navigating search results [12,35]. This flexibility allows
designers to present information in ways that are better aligned with a user’s task.

Crucially, visualization can directly support each sub-task of the search process. For
query building, visual interfaces have been used to enable alternative forms of query for-
mulation [20,21,36]. To facilitate the parsing of large result sets, various visual approaches
have been shown to improve comparison and triage [11,23,27]. Finally, to aid document
analysis, techniques like integrated word clouds have provided novel representations
of document content [25,37]. Across numerous studies, the effective integration of visu-
alization has been demonstrated to improve the users’ search effectiveness and overall
experience [6,11,12,27,38].

3.1.1. The Problem: Textual Overload in MEDLINE Search

Users access MEDLINE through representations of its documents, and in traditional
tools like PubMed, these representations are overwhelmingly textual. While a title and
abstract are more useful than a title alone [39], relying on text creates a significant bottleneck.
MEDLINE’s sheer scale means that even well-crafted queries can return thousands of
results, far more than a user can reasonably parse by reading sequentially [40]. Traditional
interfaces offer few visual aids to manage this complexity; the simple timeline chart in
PubMed, for example, is a minor component that provides only a single dimension of
information (publication date). This forces users into a laborious process of skimming
text, making it difficult to spot broader patterns, compare documents efficiently, or quickly
assess the overall landscape of the results.

3.1.2. The Solution: Applying Visualization to the Search Workflow

Visualization addresses this challenge by leveraging human perceptual strengths to
process large amounts of information in parallel. It can be applied across the entire search
workflow: for the parsing sub-task, visualizations can compactly represent thousands of
documents, their properties, and their relationships [13,41]. Instead of reading line by line,
users can interpret heatmaps, scatter plots, or network graphs to quickly identify clusters,
outliers, and distributions in the data, thus accelerating the triage process [17,42]. For
analysis, visualizations can reveal patterns within and between documents that are difficult
to discern from text. A co-authorship network can instantly reveal key researchers in a field,
while a heatmap can show the distribution of query terms within a set of documents, aiding
relevance judgments. Visualization can even support query building. By interacting with a
visual representation (for instance, selecting a cluster of documents in a scatterplot), a user
is effectively performing a visual query to filter the dataset, a more fluid and exploratory
process than typing keywords.

3.1.3. Examples in Practice

The following examples from the research literature illustrate these principles.

• DG-Viz [35] is a visual analytics tool that uses multiple coordinated visualizations
to display large collections of patient records. This allows users to observe data
distributions across many documents at once. By leveraging visualization, DG-Viz
can show far more records simultaneously than a list-based interface. Instead of
reading each document, users can quickly select a region or cluster in a visualization
that meets certain criteria (Figure 2A), greatly enhancing the parsing and exploratory
querying process.
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Figure 2. DG-Viz is a visual analytics tool with visualizations to present patient records: (A) patient
distribition view; (B) patients demographic charts; (C) patient history across visits; and (D) knowl-
edge graph of medical codes. Source: Reprinted from the Journal of Medical Internet Research, 22 (9):
e20645, Li, R.; Yin, C.; Yang, S.; Qian, B.; Zhang, P. Marrying medical domain knowledge with deep
learning on electronic health records: a deep visual analytics approach, Copyright (2020), with per-
mission from Ping Zhang. https://www.jmir.org/2020/9/e20645/ (accessed on 18 September 2024).

• OVERT-MED [6] is a tool designed specifically for search and triage in MEDLINE.
It represents search results using a heatmap where each document is a horizontal
bar and color saturation indicates the presence of query terms (Figure 3). This visual
encoding allows users to perform a rapid perceptual scan to identify which results
are most relevant to their query, facilitating rapid parsing and comparison without
reading any text.

Figure 3. A screenshot of two panels of OVERT-MED: an interactive tool that represents search results
with visualizations.

https://www.jmir.org/2020/9/e20645/
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• EEEvis [17] is another tool designed for MEDLINE search that, in conjunction with
a standard list view, provides multiple visualizations. Its co-authorship network
(Figure 4) is particularly useful for analysis, as it shows the prevalence and connections
between authors in the search results. This visualization allows users to quickly
identify key researchers and collaborative groups, a task that would otherwise require
significant time and manual effort.

 

Figure 4. An image of EEEvis’ co-authorship network and controls. Source: Cropped from Figure 5
in [17], licensed under CC BY 4.0.

These examples demonstrate how integrating visualizations can overcome the lim-
itations of purely text-based interfaces, especially when dealing with large and complex
information spaces like MEDLINE. By leveraging human perceptual strengths, visualiza-
tions enable users to parse and analyze results more quickly and effectively. Deciding
what information to visualize and how is therefore critical considerations in the design of
next-generation MEDLINE search tools.

3.2. Interaction

Interaction is the mechanism that enables the exchange of information between the
user and the system [32,43]. More than just a means of control, the design of a tool’s
interactive elements fundamentally shapes the users’ cognitive processes during search.
Common interactions include annotating results, comparing items, filtering subsets of
data, and selecting or bookmarking items of interest [32]. Without a rich set of interactive
capabilities, users cannot effectively articulate their needs to a search tool or manipulate
the information it returns.

Each stage of the search task is fundamentally dependent on interaction. For query
building, user interaction is often limited to typing keywords, with little support for
iterative refinement. For parsing results, users must interactively sift through documents
to judge relevance. While traditional interfaces allow users to click through pages, they
offer few aids for comparison such as viewing results side-by-side. Richer interactions
like zooming into a data subset or highlighting matching terms across documents could
significantly improve this process. Finally, while document analysis inherently requires
interaction (e.g., scrolling, highlighting, note-taking), traditional search tools provide almost
no analysis-supporting features within the search interface itself.

Beyond these pragmatic functions, interaction is deeply entwined with what are
known as epistemic activities: actions undertaken to support higher-order cognitive tasks
like sensemaking and knowledge creation [32,44]. As users search, they engage in these
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deeper cognitive processes, with interaction acting as the scaffolding that supports them.
Annotation provides a clear example; while its pragmatic effect is to mark a document, its
epistemic effect is to engage the user in categorization, comparison, and reflection [32]. It
follows that supporting a meaningful breadth of interactions allows users to engage with
information more deeply and accomplish their goals more effectively [45].

Because interaction underpins the entire search process, it is a uniquely central prin-
ciple in this framework. Nearly all of the other principles discussed in this paper, from
visualization to machine learning, are expressed to the user and made useful through
interaction. Therefore, interaction should be seen not merely as one component among
seven, but as a core, unifying element in the design of any effective search tool.

3.2.1. The Problem: The Interaction Deficit in MEDLINE Search

While interaction is fundamental to any search tool, traditional interfaces like PubMed
offer only a minimal set of capabilities. Users are typically limited to typing keyword
queries, clicking a few filter checkboxes, and paginating through a static list. These tools
provide little feedback to help users formulate better queries; the number of results returned
is often the only clue to a query’s specificity. Crucially, they lack features for manipulating
the result set. If a user wishes to compare two promising articles, they must open them
separately and assess them manually. PubMed offers no interactive tool to compare
documents side-by-side or to group and rearrange results. This rigid design puts the entire
cognitive load of synthesis and analysis onto the user [46]. By severely constraining what
users can do, this interaction deficit hinders all three sub-tasks: it limits the complexity of
query building, makes parsing a laborious manual process, and offers almost no support
for deeper analysis.

3.2.2. The Solution: Building a Richer Interactive Environment

Expanding the set of interactions can directly address these limitations and empower
users throughout the search workflow. Rather than a single approach, a richer interactive
environment can be built by incorporating several key ideas:

1. Provide proactive feedback. Interfaces can be designed to signal the expected out-
come of an action before it is taken, a concept known as sensitivity encoding [47]. In a
search context, the tool could show a real-time estimate of the result count as a user
types a query. This immediate feedback helps users gauge a query’s restrictiveness
and adjust it on the fly, reducing trial-and-error.

2. Empower user control and manipulation. Search should not be a one-way street.
Richer interactions allow users to actively organize, annotate, and manipulate the
result space. The ability to visually group similar documents, mark items as “seen”
or “relevant”, hide irrelevant results, and rearrange items based on personal criteria
allows users to externalize their mental model and manage the information in a way
that suits their specific task [44].

3. Support complex querying and analysis. Beyond a simple text box, advanced in-
terfaces can allow users to build queries visually or facet-by-facet. For analysis,
interactions like selecting a document to see its relationship to all others, or highlight-
ing a term to see its distribution across the entire result set, enable a much deeper
engagement with the information than simply clicking a link.

3.2.3. Examples in Practice

• OVERT-MED [6] exemplifies the principle of proactive feedback. As a user builds
a query, the system displays a real-time estimate of the result count. This simple
but powerful interaction gives the user immediate feedback on their query building,
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helping them avoid queries that are either too broad or too narrow before they even
run the search.

• NameClarifier [14], a tool for disambiguating homonymous and synonymous au-
thor names in document sets, demonstrates the power of user control. It provides
interactive features that let users group search results by inferred author identity,
eliminate irrelevant groups, and iteratively refine how the system resolves ambiguity.
By supporting these additional interactions, NameClarifier enhances the user’s ability
to parse and make sense of complex, ambiguous results.

• ChatRetriever [48] uses LLMs to allow users to engage in conversational search. Unlike
traditional search, ChatRetriever allows users to articulate their information seeking
needs through natural dialogue rather than formal query syntax. The system preserves
dialogue context, enabling users to refine and extend their search as the discussion
progresses. By leveraging this accumulated context, users’ prior interactions inform
the system, empowering their ability to communicate and clarify their needs.

These examples show that moving beyond the minimal interactions of traditional tools
can make the search process more efficient, transparent, and user-friendly. By consciously
considering and expanding the interactive possibilities, designers can create tools that
actively support the user’s cognitive and epistemic needs.

3.3. Machine Learning

Machine learning (ML), the creation of computational models that learn from data,
offers a powerful way to make search tools more adaptive and intelligent. By identifying
patterns in large datasets, ML models can automate and enhance key aspects of the search
process, moving beyond static, one-size-fits-all algorithms. These models can be trained
with or without explicit human-provided labels (i.e., supervised or unsupervised learning)
and can even improve iteratively by learning from user interactions (i.e., reinforcement
learning) [49,50]. For search tools, the integration of ML is not just a backend enhancement;
it is a design principle that directly shapes the user’s ability to find relevant information.

ML techniques can be applied to support users across the entire search workflow.
For query building, models can power query expansion algorithms that suggest relevant
terms [51] or help reformulate queries for greater precision [52]. For parsing results, ML is
critical for intelligent ranking, such as PubMed’s “Best Match” feature, which prioritizes
results based on learned criteria rather than simple chronology [53]. Other models can
automatically cluster results into thematic groups, helping users make sense of large,
undifferentiated lists [15]. Finally, for document analysis, ML drives features like automatic
text summarization [54] and the extraction of key entities from documents [55]. Given the
rapid advancement of this field, leveraging ML is a pivotal strategy for creating modern
search tools that can understand user needs and manage information overload.

Among the recent advances in ML is the development of LLMs—complex language
models trained on large-scale text corpora. Such models can process and generate natural
language and generalize across a wide range of tasks [56]. Their adaptability has led
to applications in document summarization [57,58], feature extraction [59], and query
construction [60]. While many of these capabilities can also be achieved with smaller
models, LLMs are particularly effective at leveraging contextual information embedded
within user prompts [58,61–63]. Moreover, because LLMs accept natural language input,
they enable conversational systems through which users can more effectively communicate
their information-seeking needs [48]. These capabilities have broad implications for the
design of modern search tools, as they can influence each of the three major search sub-
tasks—query building, result parsing, and document analysis.
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3.3.1. The Problem: The Black Box, Usability Gap, and Hallucinations

While ML offers powerful techniques for handling MEDLINE’s scale, its integration
into search tools presents two major risks. The first is the “black-box” effect. When users
do not understand how an algorithm works, they can lose trust in its results. PubMed’s
“Best Match” ranking, for instance, is powered by an ML model, but the logic is hidden
from the user [64]. This opacity can impede both querying and parsing, as users cannot
form a mental model of how the system will respond to their input. The second risk is the
usability gap. Many ML components are not designed for general users and may require
specialized knowledge to operate [65]. Expecting clinicians or biomedical researchers to be
ML experts is unreasonable. If an ML-powered feature is confusing or difficult to control,
it undermines the user’s sense of agency and can hurt the search experience more than it
helps [49].

The increased usability of LLMs, however, comes with additional risks. The concerns
associated with their black-box nature are magnified and accompanied by a new, major
risk—hallucinations. Hallucinations are outputs consisting of unfaithful or nonsensical
text [66]. “Unfaithful” responses often appear indistinguishable from correct ones, and
without verification, they undermine the perceived reliability of generated outputs. This
uncertainty is further compounded by the scale of the training data, which may itself be
erroneous or biased. For example, in the medical domain, there are significant concerns
regarding reliability and privacy [67,68]. Therefore, designers of search tools that integrate
LLMs must find ways to address the users’ needs for transparency, reliability, and trust.

3.3.2. The Solution: User-Centered Machine Learning Integration

To be effective, ML must be integrated in a way that is both transparent and user-
centered. This involves shifting the focus of ML application in two key ways:

1. From keywords to intent. Instead of relying solely on keyword matching, ML can
enable semantic search, which seeks to understand the concept behind a query [51].
If a user searches for “rough skin wound”, a semantic system can infer the user
means “abrasion” and retrieve relevant documents even if they do not contain the
exact keywords. This approach dramatically improves query building, especially for
non-expert users who may not know the precise terminology [5].

2. From opaque automation to human-in-the-loop. Rather than having ML models
operate as a hidden black box, they can be designed to work collaboratively with
the user. Techniques like active learning use human feedback to iteratively refine the
model’s behavior. This keeps the user in control, builds trust, and leverages both
human domain expertise and machine processing power to facilitate the parsing and
analysis of large result sets.

3.3.3. Examples in Practice

• LitSuggest [69] exemplifies the shift from keywords to intent. Instead of keywords,
users provide sets of “positive” (relevant) and “negative” (irrelevant) documents. An
ML model learns from these examples to recommend new documents. This allows
users to perform abstract queries like “find more like this”, fundamentally changing
the query building process from a lexical task to a conceptual one.

• ASReview [15] is a powerful example of a “human-in-the-loop” system for systematic
reviews. The tool uses active learning to assist with the parsing of thousands of
articles. The user labels one document at a time as relevant or not, and the ML
model instantly uses that feedback to re-rank the remaining documents, pushing the
most likely relevant ones to the top. The user remains in complete control and can
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clearly see how their judgments guide the machine’s behavior, avoiding the black-box
problem entirely.

• ALMANAC [63] is a retrieval-augmented generation framework for clinical infor-
mation retrieval. To ground LLMs in factual context, ALMANAC augments user
requests with a curated corpus of medical documents. Rather than relying on an
LLM’s potentially unreliable training data, the framework leverages a data repository
of trusted sources. Furthermore, ALMANAC requires the LLM to annotate its response
with citations to the provided sources, allowing users to verify their authenticity and
evaluate the quality of the response. This approach improves the factual reliability of
responses compared with ungrounded LLMs. Users of tools that implement frame-
works like ALMANAC retain the language processing power of LLMs while reducing
their exposure to hallucinations.

When integrated thoughtfully, ML can substantially enhance the search process. How-
ever, it is crucial that designers prioritize user trust and control. By focusing on user intent
and collaborative human-in-the-loop systems, ML can be a potent factor in designing
modern MEDLINE search tools that are both powerful and transparent.

3.4. Ontology

An ontology is an expert-curated, formal representation of knowledge for a specific
domain. Typically structured as a graph or hierarchy, it defines the standardized concepts,
their attributes, and the relationships between them [70]. Relationships can be hierarchical
(a muscle cell is a type of cell), instantiative (this specific cell is an instance of a muscle
cell), or associative (this cell is part of that tissue) [70]. By encoding domain knowledge in a
computable format (e.g., OWL, OBO), ontologies provide the semantic scaffolding needed
for more intelligent information systems.

The biomedical field, in particular, has produced several widely used ontologies. The
Human Phenotype Ontology (HPO), for example, defines terms for phenotypic abnormali-
ties and is used in tools for genetic disease research [71]. Gene Ontology (GO) provides a
controlled vocabulary for gene attributes that enhances bioinformatics search [72,73]. Cru-
cially, the Medical Subject Headings (MeSH) thesaurus, which underpins the indexing of
MEDLINE, functions as a de facto ontology, and its hierarchical structure is often leveraged
to improve search performance [74].

This structured knowledge can be leveraged to support every stage of the search
process. For query building, ontologies serve as a bridge between a user’s vocabulary
and the system’s formal terminology. They enable powerful features like query expansion,
which automatically adds synonyms and related terms to improve recall [75], and term dis-
ambiguation, which clarifies user intent [76]. For parsing results, ontologies support more
meaningful retrieval by allowing documents to be indexed with standardized, semantic
concepts instead of just keywords [77]. This allows for a more sophisticated filtering and
organization of results. Finally, for document analysis, ontologies facilitate information
extraction such as automatically identifying and linking all mentions of specific medical
concepts within a body of text [78]. By providing this semantic backbone, ontologies are a
key principle for designing more context-aware and effective search tools.

3.4.1. The Problem: The Vocabulary Mismatch

A fundamental challenge in search is the “vocabulary mismatch”—the frequent mis-
alignment between the terms a user provides and the vocabulary used within the document
collection [79]. Traditional search tools do little to resolve this. They typically assume a
user’s keywords are precise and sufficient, offering at most spellcheck or auto-complete.
This forces the user to guess the system’s preferred terminology. In a specialized domain
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like biomedicine, this is a significant barrier. A layperson searching for “heart attack” may
miss seminal articles indexed under “myocardial infarction”. This problem persists even
for experts; one study found that over 90% of researchers conducting literature reviews
missed relevant keywords, leading to incomplete searches [80]. This gap in understanding
is a primary reason why traditional keyword search often fails to meet user needs.

3.4.2. The Solution: The Ontology as a Semantic Bridge

An expert-curated ontology can act as a “semantic bridge” to resolve this vocabulary
mismatch. This principle can be applied in two primary ways:

1. To enhance user queries. The most common application is for query expansion.
An ontology can automatically augment a user’s query with synonyms and related
concepts [75]. A search for “lungs” could be expanded to include “pulmonary” and
“respiration”, retrieving a more comprehensive set of documents and relieving the
user of the burden of brainstorming every possible term. This directly improves the
query building sub-task.

2. To enhance system understanding. Ontologies can also be used on the back end
to make the system itself “smarter”. By indexing documents based on a structured
ontology rather than just keywords, the system gains a much richer, more accurate un-
derstanding of its own content. This, in turn, can improve the performance of machine
learning models used for ranking, recommendation, or entity recognition [18].

3.4.3. Examples in Practice

Several tools demonstrate the power of ontology-driven query enhancement. ON-
STI [12] uses ontologies to perform query expansion and translation, allowing users to
choose an ontology that best fits their subject area. G-Bean [81] also uses ontologies to
expand initial queries in MEDLINE. Furthermore, G-Bean allows users to mark documents
of interest, after which it extracts key biomedical concepts from them and uses the on-
tology to formulate a new query to find related documents, thus aiding the parsing and
discovery process.

Beyond query enhancing applications, the use of ontologies to augment the back end of
systems has become increasingly common. Recent work has demonstrated that integrating
ontology concepts and relations into LLM prompts can provide semantic grounding, reduc-
ing hallucinations and improving performance [61,62]. Such ontology-guided frameworks
are particularly useful for domain-specific search contexts such as MEDLINE.

By acting as a mediating layer, ontologies address the critical communication gap that
plagues traditional search. They allow for a more robust and conceptually rich dialogue
between the user and the system. Given that formulating an effective query is the vital first
step in any successful search, integrating ontologies is a key consideration for the design of
modern MEDLINE search tools.

3.5. Triaging

In information retrieval, triaging refers to the process of rapidly assessing a set of
documents to determine which are worth further attention [82]. Analogous to medical
triage, it is an iterative process that occurs at multiple levels. Users perform high-level
triage early on, broadly filtering and grouping documents without deep examination.
They then perform low-level triage, examining the details of individual candidates more
closely [82,83]. This cycle of broad filtering followed by specific examination is central to
how users navigate large information spaces. A well-designed search tool must therefore
provide explicit support for this triaging process to help users parse results and find
relevant information effectively.



Data 2025, 10, 167 13 of 22

Supporting triage requires a deliberate application of the other principles in this
framework. For example, many tools facilitate triage by organizing results into tiers of
decreasing abstraction, allowing users to move from coarse to fine-grained assessment;
this relies on principles of progressive disclosure and interaction design [12]. Richer
document summaries, which help users judge relevance more quickly, can be automatically
generated using machine learning [84]. LLMs, in particular, have been increasingly used to
generate such summaries, though issues such as hallucinations and factual accuracy remain
concerns [57,58]. Other techniques integrate multiple principles at once: visual indicators
that highlight the most relevant documents are often the output of a machine learning
model, expressed through effective visualization [85]. Similarly, semantic zooming, which
allows users to seamlessly move between overviews and detailed views, is a powerful
interaction technique built upon a foundation of visualization [86]. Ultimately, designing
for triage means using a full suite of principles to reduce cognitive load and accelerate the
discovery of relevant information.

3.5.1. The Problem: The Burden of Manual Triage

As the volume of information in MEDLINE grows, triaging search results becomes
an overwhelming task. Traditional tools like PubMed offer little assistance, forcing users
to manually sift through long, linear lists of documents. This process is not only time-
consuming [87] but also ineffective. Studies show that users of list-based interfaces focus
their attention on only the first few results, potentially missing relevant documents buried
on subsequent pages [8]. The linear format encourages a slow, one-by-one review, which
is ill-suited for the rapid, nonlinear way users need to explore large result sets (e.g., by
skipping around, grouping, and eliminating large chunks at once) [88]. This lack of support
places the entire burden of triage on the user, leading to frustration, wasted effort, and
incomplete searches.

3.5.2. The Solution: Designing for the Triage Cycle

An effective search tool must support the iterative nature of triage. This can be concep-
tualized as designing for the triage cycle, which involves two distinct but interconnected
levels of activity [82]:

1. High-level triage: This occurs during the initial parsing of results. The goal is to
obtain a broad overview and quickly filter or group large sets of documents. This
requires features that allow users to see the forest, not just the trees.

2. Low-level triage: This occurs closer to the analysis phase. Here, the user examines
the details of a smaller set of promising candidates to make final relevance judgments.
This requires features that allow for focused comparison and inspection.

The key is to support the fluid movement between these two levels, allowing users
to zoom out to see the big picture and zoom in to examine specifics, repeating the cycle
as needed.

3.5.3. Examples in Practice

The need for better triage support is so significant that entire systems like Rayyan [87]
and Abstrackr [89] exist solely to help users filter documents for reviews. Other integrated
tools also showcase excellent triage support:

• VisualQUEST [11] was designed specifically to facilitate the triage cycle. Its interface
is split into two linked views: a high-level view for grouping documents by topic
or similarity, and a low-level view for showing detailed snippets of selected groups
(Figure 5). This design directly maps to the two levels of triage, allowing users to
efficiently switch between broad filtering and detailed examination.
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Figure 5. VisualQUEST: a tool that supports the users’ triaging tasks with dedicated subviews.

• DocFlow [16], a system for systematic reviews, supports triage through a customiz-
able “pipeline”. Users can build a multi-step process to filter documents (e.g., first
by keyword, then by topic), which supports high-level triage. The system also pro-
vides detailed visualizations like scatter plots to explore smaller subsets, supporting
low-level triage. By giving users interactive control over the entire filtering process,
DocFlow empowers a more systematic and transparent triage workflow.

By actively supporting the triage cycle, search tools can help users make more accu-
rate relevance judgments, efficiently organize which documents to read, and manage the
information overload inherent in searching MEDLINE.

3.6. Progressive Disclosure

Progressive disclosure is a design technique that manages complexity by incrementally
revealing information to users as needed. The goal is to reduce cognitive load by initially
showing only essential information and deferring details until a user explicitly requests
them. Effective progressive disclosure meets three requirements: information is revealed
on demand, it is organized hierarchically from general to specific, and the system maintains
context to avoid redundancy [90]. For search tools that handle vast amounts of data and
offer numerous features, this principle is essential for preventing information overload.

Progressive disclosure is not a single feature, but an interaction strategy that can
be implemented in many ways, often leveraging dynamic visualization. For example,
semantic zooming is a technique where the visual representation changes based on the
user’s focus; a high-level overview of documents can smoothly transform into a detailed
view of a single document as the user zooms or selects it [91]. A related technique is linked
highlighting, where multiple, synchronized views are maintained. Interacting with an item
in one view (e.g., selecting a document) causes corresponding highlights or updates in
another view (e.g., a details panel). Both techniques use interaction to allow users to control
the level of detail they see, thus managing interface complexity. As discussed earlier, the
summaries generated by LLMs can complement such techniques by providing content for
high-level overviews [58]. Likewise, LLM-based feature extraction can populate secondary
views with details [59].

Numerous studies have confirmed the value of this approach, examining how users
interact with interfaces that progressively reveal information and how these techniques
impact specific tasks [90,92,93]. By applying progressive disclosure, a search tool can
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enhance both parsing and analysis. Instead of displaying a flat list of 10,000 results, a tool
can first present high-level thematic groups, allowing the user to drill down into areas of
interest. Similarly, during analysis, detailed metadata about a document can remain hidden
until requested, keeping the interface clean and focused. In essence, progressive disclosure
empowers users by allowing them to navigate complex information landscapes in a staged,
context-aware, and user-driven manner.

3.6.1. The Problem: Interface and Information Overload

Supporting the multi-stage search process often requires tools with many features,
leading to complex interfaces. Simultaneously, MEDLINE documents contain a wealth
of useful metadata (abstracts, MeSH terms, author information). Traditional search tools
struggle with this dual complexity. They tend to either hide advanced features behind
a single “advanced search” button or, more often, display all available information for
every result at once. When a search yields hundreds of results, this approach quickly
overwhelms the user with a wall of text and options, making it difficult to focus on the task
at hand [94]. The core challenge is how to make rich data and powerful features available
without creating a cluttered and confusing interface.

3.6.2. The Solution: Aligning the Interface with the Search Stage

Progressive disclosure solves this problem by incrementally revealing information and
functionality in a way that aligns with the user’s workflow. The principle is to introduce
the right tools and information at the right time. For example, during the initial parsing
stage, the interface can show a high-level overview of the results (e.g., thematic clusters or
a summary visualization) while hiding granular details. Once a user selects a document or
group to focus on, the interface can then transition to the analysis stage, revealing detailed
information like the abstract or related items for that specific selection. By dynamically
adjusting to the user’s focus, progressive disclosure reduces clutter and helps guide the
user through the information space step-by-step.

3.6.3. Examples in Practice

• VisualQUEST [11], a tool for literature search, is designed around this principle.
Its interface components are tied to different stages of the search process (querying,
high-level triage, low-level detail). As the user drills down from a broad overview to
specific documents, the corresponding interface panels expand to show more detail
while others recede into the background. This ensures that the user’s attention is
always focused on the relevant tools for their current task.

• JARVIS [95] demonstrates how progressive disclosure can be used to manage rec-
ommendations. Instead of showing a long list of suggested queries upfront, JARVIS
uses an ontology to gradually reveal related recommendations as the user searches
and shows interest in certain topics. This avoids overwhelming the user while also
providing contextual guidance at the moment it is most useful.

The need for progressive disclosure is a direct consequence of the scale of MEDLINE
and the complexity of modern search tools. The vast amount of information cannot be
presented to users all at once; it must be introduced incrementally and meaningfully. By
considering what a user needs to see at each stage of their search—and deferring what they
do not—designers can use progressive disclosure to create interfaces that are both powerful
and clean, ensuring that advanced features enhance, rather than hinder, the user’s journey.
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3.7. Evolutionary Design

The design of a search tool must satisfy needs arising from many sources: the users
(with their varying expertise and goals), the data (its size and structure), and the tasks them-
selves (e.g., exploratory search vs. simple lookup) [96]. Given this complexity, rigid, linear
design models are often insufficient. Instead, iterative processes that allow for continuous
learning and refinement become crucial [97]. One such approach is evolutionary design.
Here, evolutionary design refers to an iterative, user-centered design process, distinct from
computational approaches such as genetic algorithms or evolutionary computation.

Evolutionary design is an iterative model that involves repeatedly refining a design
through cycles of development and user feedback. A formalization of this process describes
a four-stage cycle: formulation, realization, validation, and refinement [97]. During
formulation, designers establish requirements informed by prior research and user studies.
In the realization stage, a working prototype is created. This prototype is then put through
validation via user testing and usability evaluation. Finally, in the refinement stage, the
findings from validation are used to improve the design, starting the cycle anew. This
process continues until the design robustly satisfies all requirements.

3.7.1. The Problem: The Limits of Upfront Design

When designing tools for complex domains like MEDLINE, it is rarely possible to
determine an optimal solution from the outset. The requirements are often fuzzy and
multifaceted; supporting an activity like triage, for instance, involves qualitative user needs
that are difficult to fully quantify in advance [88]. Traditional, linear design processes,
which rely on establishing fixed requirements upfront, are ill-suited for this ambiguity. They
cannot easily accommodate the discovery of new user needs or the creative exploration
required to build a truly innovative and effective tool.

3.7.2. The Solution: Embracing an Iterative, User-Centered Process

By treating the design process not as a linear path but as a cycle of continuous improve-
ment, evolutionary design addresses these challenges. This approach acknowledges that
understanding of the problem deepens as one builds and tests prototypes. This iterative
loop allows designers to remain flexible, blending broad exploration of ideas with deep
dives into promising concepts, ensuring that the final product is shaped by user feedback
rather than initial assumptions.

3.7.3. Examples in Practice

The development of Open MS BioScreen [98], a tool for visualizing the data of
patient with multiple sclerosis, provides an excellent case study. The designers used an
evolutionary process, involving both patients and clinicians at every stage. They began
with interviews to gather requirements, built initial prototypes based on that feedback, and
then repeatedly tested and refined those prototypes with the end-users. Through these
iterations, the designers discovered subtle requirements and usability issues that were not
obvious at the start, leading to a final product that successfully met the distinct needs of
both user groups.

This process is just as relevant for established tools. PubMed itself has undergone
years of iterative design changes informed by usability studies and user feedback [99]. This
demonstrates that even the most widely used tools must continuously evolve to better
serve their users. For a new MEDLINE search tool, this would mean prototyping specific
features from this framework—a novel visualization or a new interaction—and testing
them with researchers to see what truly helps them in their work.
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While the choice of a design process does not alter a tool’s functions directly, it
profoundly influences the final quality and usability of the tool. Evolutionary design, by
building in cycles of user feedback, ensures that the complex interplay of the other six
principles is tuned to the actual user needs. This iterative loop is what allows designers to
discover the right visualizations, refine interactions, and apply machine learning methods,
such as LLMs, in ways that are genuinely helpful. Therefore, evolutionary design is not an
optional add-on but the foundational principle that enables the successful implementation
of all others, ensuring that complex search tools are ultimately effective, usable, and aligned
with their users.

3.8. Interconnections and Trade-Offs

While presented separately for clarity, the seven principles are deeply interconnected.
Each principle both augments and restricts the others. This section considers them collec-
tively, highlighting some of their interconnections and the trade-offs that emerge from their
combined application. Across the examples, each principle leads to others and introduces
costs that must be addressed through careful, iterative design.

Visualization and progressive disclosure shape how users perceive and manage in-
formation. Visualizations increase informational richness at the cost of consuming limited
screen space and contributing to cognitive load. Progressive disclosure counterbalances
this by limiting the presented information to only what is needed. However, this requires
interaction to transition between states smoothly and maintain context. If the information
being presented requires processing, then machine learning may be employed, raising the
computational costs.

These computational demands become especially relevant when dealing with large
document sets, where triaging becomes necessary. This requires interactions to perform
the triage, visualizations to represent the documents, and progressive disclosure to incre-
mentally show information. However, this integration introduces interface complexity,
requiring users to learn new interactions and interpret potentially complex visualizations.
Designers must balance this complexity against the tools’ usability.

In specialized domains such as medicine, ontologies provide formal representations
that can guide retrieval and interpretation. Integrating ontologies into machine learning
systems grounds them semantically, reducing hallucinations. However, the ontology’s
structure and coverage constrain the flexibility of the tool. Aggressive usage of a restrictive
ontology can hinder performance on unexpected documents.

Finally, evolutionary design acts as a method to account for the emergent complexity
of the relationships between the principles, users, and data. Iterative prototyping and user
feedback are essential to calibrate competing priorities that arise during design.

4. Conclusions
The vast and vital resource of MEDLINE is constrained by the tools we use to access

it. As this paper has argued, the prevailing paradigm of traditional search—characterized
by linear result lists, minimal interaction, and a significant vocabulary gap between user
and system—is increasingly inadequate for the complex exploratory tasks that define
modern biomedical research. By adhering to these stagnant designs, we perpetuate a
critical bottleneck that impedes discovery.

In response, this paper has proposed a framework of seven interconnected principles
to guide the design of the next generation of MEDLINE search tools. This is not a menu
of optional features, but a call for an integrated design philosophy where these principles
work in concert. Visualization and interaction combine to create a rich, manipulable canvas
for exploration. This canvas is infused with intelligence by machine learning and given
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semantic structure by ontologies, enabling a deeper dialogue between the user and the
data. The user’s journey through this complex information space is carefully managed by
the principles of triaging and progressive disclosure, which reduce the cognitive load and
align the interface with the user’s immediate task. Finally, the entire system is shaped and
honed through an evolutionary design process, ensuring that the final product is not merely
powerful, but is robustly aligned with the real-world needs and workflows of its users.

While the framework describes a conceptual foundation for next-generation search
tools, it does not prescribe specific evaluation criteria. Any such metric would depend on
specific contexts, tasks, users, and document sets and require empirical studies to evaluate.
Consequently, no universal set of evaluation metrics has been proposed.

When considered together, these principles provide a roadmap for moving beyond
simple information retrieval toward the creation of true instruments for discovery. By
systematically incorporating them into the design process, developers can create search
tools for MEDLINE and similar complex domains that are more powerful, intuitive, and
genuinely supportive of the nuanced work of researchers, clinicians, and patients. The
future of biomedical discovery depends not only on the data we collect, but on our ability
to see, navigate, and understand it. Building better tools is a critical step toward that future.
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