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Abstract: As the patent landscape continues to grow, so does the complexity of retrieving relevant
“prior art”, “background art”, or “state of the art” from an expanding pool of publicly available patent
data, a critical step in establishing novelty. However, retrieving this information presents signifi-
cant challenges due to its volume and complexity. This systematic literature review surveys patent
retrieval techniques over the past decade, focusing on ‘prior art’ and ‘novelty’ searches. Adhering
to the PRISMA 2020 guidelines, our research includes 78 pertinent articles selected from a corpus
of 1441, providing an in-depth overview of recent advancements, emerging trends, challenges, and
future directions in the field of patent prior art retrieval. The review addresses six research questions:
defining the current state of the art, evaluating the efficacy of various approaches, examining com-
monly used patent data collections, exploring the impact of semantic search and natural language
processing (NLP) technologies, identifying frequently used components of patent documents, and
discussing ongoing challenges in the domain of patent prior art search and retrieval. Our findings
highlight the growing use of NLP to enhance the precision and comprehensiveness of patent searches,
particularly on the Cross-Language Evaluation Forum for Intellectual Property (CLEF-IP) and the
United States Patent and Trademark Office (USPTO) databases. Despite advancements, the special-
ized and technical nature of patent language continues to pose significant challenges in achieving
high accuracy in patent retrieval.

Keywords: patent retrieval (PR); prior art search; patent search; survey; systematic literature review
(SLR); patent analysis; patent mining

1. Introduction

In the era of fast-evolving technology, intellectual property (IP) is crucial as it fosters
innovation, drives economic growth, and protects the exclusive rights of inventors, advanc-
ing society at large [1]. Patents, central to intellectual property, uniquely grant inventors
exclusive rights to use and commercialize their inventions for typically 20 years [2], en-
couraging research and development (R&D). This support enables companies to recoup
investments and drive further innovation [3–5]. As technology develops exponentially,
there is an increase in patent applications, leading to a massive accumulation of patent
application documents [6]. Efficient retrieval and utilization of patent data are crucial,
as patents not only serve as legal documents but also are pivotal in promoting economic
development, creativity, and job creation [7].

Patent retrieval (PR) is the sub-domain of information retrieval (IR) focusing on
creating strategies and approaches that efficiently and proficiently identify relevant patent
documents in response to a given search query [8]. It involves a systematic search and
extraction process through precise search queries on specialized patent databases and
repositories while leveraging structured patent classification systems. Every stage of
a patent’s journey requires the assistance of experts with domain-specific knowledge.
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Therefore, an efficient patent retrieval system can aid the experts as well as enhance all the
stages of the patent lifecycle, which involve some kind of patent retrieval.

Traditional manual patent retrieval methods, while reliable in some respects, are
fraught with inefficiencies and bottlenecks. Manually sifting through massive patent
databases is not only labor-intensive but also time-consuming, often resulting in incomplete
and inconsistent results. Even well-trained and experienced patent officers find identifying
related prior work to be a tedious and laborious operation [9], with a significant risk of
overlooking important documents [10,11]. These limitations have prompted a growing
interest from researchers and practitioners in developing more efficient and effective
approaches for patent retrieval to streamline the process, enhance search accuracy, and
accelerate access to relevant patent information.

The automation of the patent retrieval process began with basic Boolean and keyword-
based searches but has evolved significantly over the years to complex context-based
searches facilitated by deep learning and natural language processing (NLP). Early systems,
reproducible but yet often ineffective, missed relevant documents or retrieved numerous
irrelevant ones, necessitating labor-intensive and expertly crafted queries [12]. The devel-
opment of more sophisticated techniques, such as the Vector Space Model (VSM), BM25,
and Language Models (LM), brought improvements. These models evaluate the similarity
between queries and documents [13] but often struggle with issues of scalability and fully
comprehending the complex content of patents.

To address these deficiencies, state-of-the-art technologies including deep learning,
machine learning, and natural language processing (NLP) have been introduced. NLP
techniques excel at recognizing and analyzing semantic relationships within patent texts,
producing search results that are highly relevant and contextually appropriate. Similarly,
deep learning helps automate the analysis of sequences and feature extraction, enhancing
the speed and scalability of retrieval systems.

These advanced methods significantly outperform traditional approaches in terms
of efficiency, accuracy, and scalability. By better understanding the semantics of patent
texts, they not only improve the accuracy of search results but also enhance the user ex-
perience by simplifying retrieval operations. Importantly, these advanced techniques can
also be applied to curated data traditionally used in patent databases, further enhancing
the effectiveness of search results. Indeed, many databases have started integrating both
traditional curation methods and advanced retrieval technologies to leverage the strengths
of each approach. This hybrid approach allows researchers and practitioners to concen-
trate more on analysis and innovation rather than on the tedious and laborious tasks of
data preprocessing.

The integration of modern, computer-based search technologies represents a paradigm
shift in patent retrieval. These methods address the limitations of traditional techniques
and offer enhanced capabilities that are crucial for supporting the growing complexity and
volume of patent data. This transition is pivotal for the future of patent searches, where
efficiency, accuracy, and accessibility are paramount.

A detailed analysis of the state of the art in patent retrieval, particularly focusing on
patent prior art retrieval, can direct future studies by pinpointing research gaps and the
shortcomings of existing approaches. Before this work, no systematic literature review had
comprehensively addressed these dimensions within the domain of patent retrieval. This
systematic literature review (SLR) analyzes new approaches, incorporates recent develop-
ments, and synthesizes novel insights that contribute to a comprehensive understanding of
the domain. As such, it fills a critical gap in the literature and provides a crucial foundation
for subsequent empirical studies that may explore the applicability and effectiveness of the
discussed strategies in more depth. This systematic approach not only brings clarity to the
field but also sets a benchmark for future research, offering a scaffold upon which ongoing
and future studies can build.

This SLR focuses on the last decade of research and development in the field of patent
retrieval and patent prior art search, highlighting the transformative impact of technologies
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like natural language processing, machine learning, and deep learning. These innovations
have significantly enhanced the analysis and interpretation of patent data, improving the
automation of classification, information extraction tasks, and the semantic understanding
of patent texts. This has led to more accurate and relevant retrieval results, showcasing a
leap in the effectiveness of modern retrieval systems.

Despite our focus on recent technological advances, the foundational work from
earlier studies remains crucial. For instance, a 2004 study introduced a query-based
associative document retrieval method that laid the groundwork for later algorithmic
approaches [14]. Another study published in 2010 enhanced prior art retrieval by expanding
queries with pseudo-relevance feedback [15]. These early methods demonstrated the
potential of algorithmic approaches in enhancing patent search capabilities and inspired
subsequent developments in the field. Moreover, the integration of machine learning into
retrieval systems during the early 2000s allowed for the initial exploration of automated
learning from data, setting a precedent for the more complex deep learning models that
now dominate the field. These foundational techniques, though now evolved, continue to
influence current research and development, providing a historical context that enriches
our understanding of the trajectory of patent retrieval technologies.

The subsequent sections of the paper are organized as follows. Section 2: Patent Re-
trieval Tasks delves into various search tasks related to patent prior art retrieval, including
a comprehensive review of related surveys, offering insights into their contributions and
deficiencies. Section 3: Review Methodology outlines the systematic framework adopted in
this systematic review as well as the main research questions guiding the process of uncov-
ering key findings and trends in the domain. A detailed analysis of key findings and trends
is given in Section 4: Results and Discussion, with limitations and future directions in the
domain. Section 5: Conclusion and Future Direction concludes the paper by summarizing
key findings from the systematic literature review.

2. Background
2.1. Innovation Lifecycle

Looking at the comprehensive patent trajectory, first, a company or inventor seeks
patent protection for a novel idea. Then the application is drafted by a patent attorney
who possesses expertise in both technical and legal aspects. This application consists of
claims that define the envisioned extent of protection. A patent is granted if these claims
demonstrate that the idea is unique and novel in comparison to prior art. Almost all
these stages require preliminary prior art searches, even during the initial stages of patent
drafting, which might aid in improving the patent application [16]. Therefore, patent
retrieval plays an influential role at various stages of the patent lifecycle.

Below is a summary of the stages of the patent lifecycle involving prior art searches to
support a range of activities.

Stage 1: Conceptualization

• At the beginning of the patent lifecycle, technology research is conducted to iden-
tify and incorporate cutting-edge technologies within a specific field to create novel
solutions [8]. As a result, many prior art searches are conducted for patent landscaping.

Stage 2: Pre-Filing Stage

• Afterwards, in the pre-filing stage, innovators perform prior art searches to evaluate
the originality or novelty of the invention before submitting a patent application [17].

• In the patent application drafting stage, lawyers and inventors write patent applica-
tions and refine claims by finding pertinent prior art.

Stage 3: Examination Stage

• During the patent examination stage, examiners analyze the novelty, non-obviousness,
and industrial applicability of the invention by conducting targeted patent prior art
retrieval searches.
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Stage 4: Prosecution Stage

• In the patent prosecution stage, the examiner’s objections are addressed by carrying
out extended novelty searches on relevant prior art.

Stage 5: Post-Grant Stage

• In the post-grant stage, infringement and clearance inspections prior art searches are
conducted by patent owners to find prospective infringers or ensure compliance.

• Technology watch and competitor analysis involve continuous tracking via numerous
prior art searches to stay abreast of new developments and innovations made by rivals.

• Specific prior art searches are performed for portfolio assessments, licensing, and legal
issues to make informed strategic decisions.

• Infringement and invalidity searches are performed on relevant prior art to lend
credence to legal claims in court cases. When presenting evidence in court and
developing legal arguments, these searches are crucial.

• Renewal and maintenance searches on prior art are essential for retaining patents
by spotting relevant changes and guaranteeing that decisions made regarding the
retention of patents are compliant.

Figure 1 shows different patent prior art searches that are needed at various stages of
the patent lifecycle.
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A high degree of domain understanding is needed for all these patent-related prior
art searches and, even if such expertise is available, it needs to be coupled with extremely
complex and intelligent analytics to offer users interactive and cognitive assistance [8]. The
principal objectives of patent prior art search and retrieval are to guarantee compliance
and shape strategic choices in legal and corporate contexts by securing, safeguarding, and
leveraging patent rights. Figure 2 shows the patent searches performed at various stages of
the innovation lifecycle.
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2.2. Patent Retrieval Tasks

Patent prior art searches are specialized tasks tailored according to the characteristics
of the input, such as ideas, invention disclosures, patent applications, claims, or granted
patents, and the desired outputs, which may include scientific publications, a collection of
patent documents, or a single document [4]. These search tasks aim to identify relevant
documents to meet specific information needs and are known by various names depend-
ing on their purpose: State of the Art (SOA) search, patentability search, infringement
search, freedom-to-operate search, invalidity search, and patent portfolio search. The
objectives, relevance assessments, and effectiveness vary significantly based on the type of
search activity.

The state of the art (SOA) search serves as a critical pre-R&D stage process, enabling
inventors and researchers to gain insights into technological developments. Prior to filing a
patent application, a preliminary pre-filing patentability search is normally conducted to
assess novelty and non-obviousness. Subsequent to this initial decision, a comprehensive
patentability search is conducted by examiners to confirm the novelty, inventive step, and
industrial applicability of the invention. Before moving towards commercialization, a
Freedom To Operate (FTO) search is performed to ensure that the innovation does not
infringe on other active patents. Post-commercialization, competitors may engage in
infringement searches to identify potential IP violations. For an in-depth exploration of
these patent retrieval tasks and their contextual application, ardent readers are urged to
refer to Section S2.1 Patent Retrieval Tasks in Section S2 of the Supplementary Materials.

Table 1 summarizes different aspects of various patent retrieval search tasks based on
who conducts the search, the stage of the innovation lifecycle the search is taking place, the
status of the patent at the time of the search, expected output from the search operation,
and the literature used to perform the search on [8,18,19].
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Table 1. Patent retrieval tasks.

Search Task Conducted by Stage Status Search Query Output Literature Part of the Document

State of the Art (SOA)
Search Inventor Pre R&D Pre-grant Inventive concept All documents available Any

Pre-filing Patentability
Search /Related Work

Search
Inventor/Prosecutor R&D/Before drafting

application Pre-grant

Well-elucidated novelty
explanation/Modifications

to the invention or its
application

All documents available Any

Patentability Search /Prior
Art Search /Novelty Search Prosecutor/Examiner After drafting application Pre-grant/Examination

Invention disclosure: Patent
application is

granted/Abandonment of
the application if objections

cannot be resolved

All patent documents are
openly Accessible until the

application date
Any

Freedom to Operate (FTO) Investor

Product plan and launch:
Before launching a product

in the market, check
commercialization risks in

targeted markets

Post-grant
A product and associated

procedures or technologies
obtain clearance

The body of effective
(active) patents in a given

jurisdiction
Claims

Infringement Search Owner/investor

Proactively done to avoid
legal issues during

development/In case of
infringement allegations

Post-grant

Either the inventors of the
product/technology are

Sued/issued a
License/issued Clearance

The body of effective
(active) patents in a given

jurisdiction
Claims

Invalidity Search Competitor /Defendant

Before accusing of
infringement (Concerns or

disputes regarding the
validity of a granted

patent)/Performed after a
patent has been granted

Post-grant

A report assessing the
strengths, weaknesses, and
enforceability of the patent

in question: Either
re-examine/post-grant

review

All published patent
documents accessible before

the priority date of the
patent in question

Any

Patent Portfolio Search Technology analyst

Evaluate the quality,
breadth, and relevance of

patents within the
portfolio/Technology

Survey/Portfolio Survey

Pre/post-grant

Report offering insights into
the overall health and

strategic significance of a
patent portfolio:

Recommendations for
management, potential

licensing opportunities, and
areas for further innovation

All published patent
documents Any
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2.3. Existing Works on Patent Retrieval

The challenge of finding and understanding relevant patent documents amid the
escalating volume of patent documents has led to the automation of patent retrieval
systems, which traditionally relied on domain experts. Nevertheless, existing information
retrieval (IR) approaches still struggle to effectively handle the distinctive attributes of
patent documents.

Reference [12] highlights numerous research efforts at refining existing information
retrieval strategies or applying standard procedures at various stages of patent retrieval.
Despite the numerous efforts, patent retrieval remains an unresolved research area, with
conventional information retrieval methods proving inefficient in tackling the unique
challenges posed by the specific features of patent documents [12]. However, the study lacks
detailed sectioning of the information gathered from the articles under review. Additionally,
there are not enough graphical and tabular representations of articles based on different
aspects that are crucial to patent retrieval such as which databases were utilized and which
specific sections of patent documents were employed for patent retrieval. Furthermore,
the study discusses patent retrieval in general and does not specifically focus on patent
prior art retrieval. Another study [8] presents a thorough review of patent retrieval (PR)
techniques, highlighting the need for patent domain-specific modifications in retrieval
systems as traditional information retrieval approaches, such as simple web searches, are
insufficient for retrieving relevant patent documents. Additionally, the review suggests
a need to create interactive search tools compatible with the practices and requirements
of patent domain experts [8]. Although the review attempts to categorize articles under
review according to all the existing patent retrieval approaches, it does not discuss the
latest state-of-the-art natural language processing (NLP) approaches. Also, it broadly
mentions patent retrieval, rather than providing an in-depth review of patent prior art
retrieval. Reference [20] examines the way information retrieval research has influenced
and altered patent search strategies over time; however, it lacks coverage of the most
recent advancements in patent retrieval techniques as it was conducted more than ten years
ago [20].

In the field of patent analysis, novel approaches have been developed using deep
learning and natural language processing. The use of deep learning in patent analysis
was reviewed by summarizing state-of-the-art approaches and categorizing 40 research
publications based on datasets and deep learning methodologies, as well as identifying
possible research directions where patent analysis meets deep learning [16]. However, as
the sole focus was on deep learning methodologies for patent analysis, there is a lack of com-
prehensive comparison with conventional or hybrid approaches. An in-depth examination
of the merits and shortcomings of both deep learning and non-deep learning approaches is
essential for a deeper understanding of their specific functions and effectiveness in various
patent analysis tasks. Reference [21] examines the existing natural language processing
(NLP) methodologies for summarizing, simplifying, and generating patent texts while
acknowledging the unique challenges posed by patents in the research and development
process [21]. However, the study does not directly address the patent retrieval process.
Reference [22] probes the current landscape of patent analysis, its various tasks (such as
forecasting technological trends, strategic technology planning, and identifying patent
infringements), the prevalent tools and methodologies for efficient patent analysis, as well
as the limitations of the existing tools. However, the review only briefly touches on patent
retrieval tasks and predominantly centers around other aspects of patent analysis [22].

The primary objective of patent retrieval (PR) is to retrieve relevant patent documents
based on a search query, which may take the form of an array of keywords, a brief, or a
complete patent document. Reference [23] performs a comparative analysis of various
pre-application prior art search strategies, including partial application search and query
reformulation approaches from the perspective of inventors determining the patentability of
their ideas before filing a full application. The complexity of lengthy queries was considered,
taking into account the necessity for query reduction to remove irrelevant terms as well
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as query extension to include more relevant terms. The results of this study indicated
that, in terms of both writing effort and retrieval efficacy, querying with an abstract is the
most balanced choice [23]. However, sole emphasis has been placed on understanding
and evaluating the efficacy of various strategies linked to query reformulation, with no
thorough investigation of alternative techniques used to retrieve patent papers.

In the domain of patent information retrieval, patent mining and patent retrieval are
two distinct but related concepts. Patent mining uses text mining and machine learning to
obtain insights from patent documents. In contrast, patent retrieval focuses on the efficient
search and retrieval of relevant patent documents based on particular criteria or search
queries to aid patent experts in tasks such as patent landscape analysis.

Reference [24] employs bibliometric and keyword-based network analysis to map out
the evolution of patent analysis and patent mining, uncovering the key players and delin-
eating three pivotal stages (metadata and citation analysis, cluster and network analysis,
and patent mining enabled by text mining and auxiliary approaches) of development in
this field, while also examining recent advancements in information retrieval and pattern
analysis. A comprehensive survey of the latest trends in data mining relevant to patents, to
enrich the understanding of patent analysts on the landscape of data mining, is given in
reference [25]. The survey delves into multiple facets of patent mining, including patent
retrieval, patent classification, and patent visualization, to offer an in-depth understanding
of the area [25]. However, the survey only discusses patent retrieval as a single component
of a larger investigation within the subject of patent mining. Table S1 in Section S2 of
the Supplementary Materials provides detailed summaries of the shortcomings of current
studies in the areas of patent retrieval [8,12,16,20–25]. This table highlights the gaps and
challenges that persist in the field, underscoring the necessity for ongoing research and
development in patent retrieval techniques.

This systematic literature review (SLR) on patent prior art retrieval fills a gap in
existing research by systematically synthesizing and analyzing the available patent retrieval
techniques from the last decade, focusing on patent “prior art” and “novelty” searches. It
presents a thorough analysis of the state-of-the-art approaches in patent prior art retrieval,
analyzing a substantial corpus of 78 articles. Additionally, this study exhibits clarity by
thoroughly describing every database used, and its well-organized and sectioned layout
makes it simple to navigate and comprehend the information presented. Also, the detailed
tabular and graphical representations provide insightful illustrations of important features
of patent prior art retrieval, enhancing the understanding of the results reported in the
selected articles under review.

3. Review Methodology

A systematic landscape review (SLR) of patent retrieval methodologies and techniques
was performed in this paper by following the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines [26]. Initially, specific and clear research
questions were formulated to define and narrow the scope of the SLR. A suitable strategy
was then developed to efficiently search common databases, utilizing various search
strings to effectively retrieve relevant articles. Subsequently, articles were screened, and
those most relevant were selected based on predefined inclusion and exclusion criteria
for further analysis. The remaining articles after screening were then assessed based
on seven pre-defined quality criteria, to appraise their quality and contributions to the
technological domain.

3.1. Research Questions

A total of six research questions were formulated to define the scope and purpose of
the systematic literature review (SLR). These research questions aim to guide researchers
on the available and most utilized data collections, innovative and most effective state-of-
the-art approaches, key performing parts of the patent documents, criteria for evaluating
the quality and applicability of the approaches, the prominent challenges, and the role
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of natural language processing (NLP) and semantic search in improving patent prior art
retrieval techniques.

RQ1: What innovative patent retrieval techniques have been developed and utilized for effective
patent analysis?

This question explores the evolution of patent retrieval techniques over the last decade,
considering technological advancements and their impact on patent analysis. Techniques
have evolved from keyword-based and Boolean searches to context-based searches to
improve patent retrieval efficiency. The integration of natural language processing (NLP)
and machine learning (ML) techniques with semantic analysis has enhanced search capa-
bilities by analyzing the meaning and context of searches. Collectively, these progresses
have expedited patent retrieval, providing users with more precise and accurate findings
from patent archives, hence creating more intelligent, context-aware, and efficient patent
retrieval systems.

RQ2: How effective are the patent prior art retrieval techniques?

Prior art search involves investigating publicly available patent data to determine if
an invention is novel [27]. The efficacy of patent prior art retrieval systems is measured by
their ability to effectively and accurately retrieve relevant patent documents in response to
specific information needs or search queries. This research question reviews widely used
evaluation metrics such as recall, precision, Mean Average Precision (MAP), F1-score, and
accuracy to assess the performance of patent information retrieval techniques.

RQ3: What are the most widely used patent data collections?

In the domain of patent prior art retrieval, numerous evaluation tracks and datasets
have been developed to measure the performance of systems and algorithms. This research
question explores the datasets utilized by the studies surveyed.

RQ4: What is the impact of semantic search and natural language processing on the patent
retrieval process?

Patent retrieval enhanced by semantic search and natural language processing (NLP)
has transformed traditional keyword-based approaches by utilizing advanced, contextu-
alized methods to comprehend the meaning and context behind patent search requests,
allowing for the retrieval of conceptually linked patents. Such context-aware systems can
scan patent data and identify relevant patent documents, including prior art and techni-
cal information, in accordance with the semantics of the request. This research question
examines the impact of semantic search and NLP on enhancing the patent retrieval process.

RQ5: Which parts of the patent document are widely used for prior art searches?

Patent prior art search is complex due to the intricate nature of patent documents.
Each component of a patent document serves a distinct function and varies in terms of
significance, with claims containing the legal aspect of the inventions. Researchers utilize
various components and combinations thereof, including abstracts, claims, descriptions,
and references, to comprehend the context of the invention. This question explores the
different parts of the patent document that have been widely employed for patent prior
art searches.

RQ6: What open challenges does prior art patent search and retrieval face?

This question delves into the challenges within the domain of prior art search and
retrieval processes. Despite the improvements in search and retrieval accuracy, numerous
challenges persist, with different researchers highlighting several key challenges pertinent
to the domain.
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3.2. Research Strategy and Process

The methodology for article selection integrates a well-defined, unbiased search strat-
egy crucial for ensuring the integrity and completeness of the review [28,29]. This approach
combines an extensive automated search across multiple databases with a meticulous man-
ual review of articles to identify the most relevant studies. The strategy employs composite
search strings with Boolean operators ‘AND’ and ‘OR’ to optimize the retrieval process
based on the defined research questions. Searches were conducted on five major academic
databases: Springer Link, Google Scholar, IEEE Xplore, Science Direct, and ACM Digital
Library. These searches focused on titles, abstracts, and keywords, sometimes individually
or in combination, to encompass a wide range of potentially relevant articles. Table 2
provides the search strings used in the search strategy.

Table 2. Search strings used in the search strategy.

Search Strings Objective

“patent retrieval” Searching for articles about patent retrieval in general

“patent + retrieval AND textual” Searching for articles about patent retrieval working on textual data

“patent + retrieval AND text”
Searching for articles about patent retrieval working on textual data,
catering to the cases where articles mention just text or any other words
starting with text

“prior art search” Searching for articles mentioning only prior art search

“novelty search” Searching for articles mentioning only novelty search

“prior + art + search AND patent + retrieval” Searching for articles mentioning prior art search and patent retrieval

“novelty + search AND patent + retrieval” Searching for articles mentioning novelty search and patent retrieval

Search results from the different databases were then combined before undergoing
a selection process based on a thorough review of the full texts of the articles against the
eligibility criteria.

3.3. Selection Requirements/Eligibility Criteria

To ensure the selection of highly relevant articles, precise inclusion and exclusion
criteria were established, with meticulous attention to avoid overlooking pertinent studies.
Articles retrieved using our search strings were carefully scrutinized to ensure fulfillment of
the inclusion criteria; articles published before 2013 and non-English articles were excluded,
while only articles in peer-reviewed conferences, workshops, and journal articles were
included. Duplicate research articles were also excluded. Furthermore, full-text accessibility
was a prerequisite for consideration in the final analysis. The review process focused on
articles specific to text-based patent retrieval methods and techniques, excluding those
related to patent ranking, hierarchy, and document structure not directly related to the
retrieval of patent documents. Additionally, articles focused on non-retrieval focused patent
clustering, analysis articles, review and experimental studies, works on trend analysis,
technology scope, patent landscaping, and topic modeling were excluded. Table 3 provides
an overview of our inclusion and exclusion criteria.

Table 3. Overview of inclusion and exclusion criteria.

Number Criteria Name Criteria Definition Decision

1 Date Years 2013–2023 Included

2 Date Before the year 2013 Excluded

3 Language English Included

4 Language Other than English Excluded
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Table 3. Cont.

Number Criteria Name Criteria Definition Decision

5 Article Type Journal and Conference/Workshop Included

6 Article Type
Thesis, unpublished work,
non-peer-reviewed, review,
and experimental studies

Excluded

7 Article Access Full access Included

8 Article Access Non-full access Excluded

9 Article
Relevance

Non-text-based patent retrieval and
techniques not focusing on prior art

search or patent retrieval
Excluded

10 Article
Relevance Text-based patent retrieval Included

3.4. Quality Assessment

After applying inclusion and exclusion criteria to remove irrelevant articles, the re-
maining articles were assessed for quality using seven detailed quality criteria (QCs)
addressing research robustness, publication prestige, and community value. These criteria
evaluate factors such as the reputation of the publication venue, the presence of reasonable
methodology, performance assessment based on real data, dataset size, acknowledgment of
study limitations, citation impact, and proposed future research directions. A three-point
scoring system was used for each criterion (1 for full compliance, 0.5 for partial compliance,
and 0 for no compliance). The criteria and their descriptions are defined in Table 4.

Resources used to assess for Quality Criteria QC1: Publication Venue include the Scimago
journal ranking [30], impact factor and indexing from Journal Citation Reports [31–33], core
conference ranking [34], and Oxford List of Conferences [35]. Additionally, thorough
searches were also performed on the publisher’s website for other relevant information
including technical sponsors, event type, and the frequency of the event, as indications of
quality. Each selected study was assessed for the quality of the proposed framework or
methodology for Quality Criteria QC2. Thorough reading of the proposed framework or
methodology was performed and a comparative analysis with other selected studies also
aided in the quality evaluation process. Quality Criteria QC3 focuses on the presence of a
proof of concept through simulation, mathematical modeling, or real-time implementations.
For Quality Criteria QC4, datasets ranging from half a million to a million are deemed
adequate, reflecting standards from reviewed patent retrieval research. Each study was
carefully scrutinized to determine if study limitations were clearly defined for Quality
Criteria QC5. For citation analysis (i.e., Quality Criteria QC6), data from GoogleScholar [36],
Scopus [37], and Web of Science Citation Report [31] were considered, taking into account
yearly citations and comparative article citations to gauge impact. To identify future
directions for Quality Criteria QC7, each study was meticulously examined with special
attention paid to the conclusion section.

Scores of each article for the seven criteria were added together to give the total score
for each article. For a more accurate comparison, the final quality assessment scores were
standardized using the min-max normalization technique [38]. This approach adjusts the
scores to a common scale, enhancing the comparability of article quality across different
metrics. The normalization formula applied converts raw scores into a standardized range,
facilitating a uniform evaluation framework and ensuring that the quality assessment is
both fair and reflective of each article’s relative merits within the broader research context.
The following min-max normalization formula is used for the conversion:

Dnormalized =
D − min(D)

max(D)− min(D)
× 100 (1)
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where Dnormalized represents the normalized score on the scale of 0–100, D represents the
score to be normalized, min(D) represents the minimum score in the given set of values,
and max(D) represents the maximum score in the given set of values.

Table 4. Quality criteria and scoring process.

Criterion Description Score

QC1 Publication Venue
The article has been published in a reputable and
high-quality venue

Full 1

Partial 0.5

No 0

QC2 Framework/Methodology Proposed The article proposes a framework or methodology

Full 1

Partial 0.5

No 0

QC3 Proof of Concept/Performance Assessment The article presents a proof of concept

Full 1

Partial 0.5

No 0

QC4 Patent Dataset Size The article uses a dataset of reasonable size

Full 1

Partial 0.5

No 0

QC5 Study Limitations Defined The article defines the limitations of their study

Full 1

Partial 0.5

No 0

QC6 Citations The article has been appropriately cited

Full 1

Partial 0.5

No 0

QC7 Future Direction Defined The article clearly defines the future direction

Full 1

Partial 0.5

No 0

4. Results and Discussion

This section presents an extensive discussion about the outcomes of the systematic anal-
ysis, structured into four key sections: “Article Selection”, “Research Questions Findings”,
“Quality Assessment”, and “Research Trends and Key Findings”. In “Article Selection”,
the step-by-step process used to select articles is elucidated, highlighting the academic
database sources utilized, the filtering process, and the methodology employed. “Research
Questions Findings” presents an analysis and findings of the selected articles in light of the
defined research questions. “Quality Assessment” evaluates the quality of the included
studies using established criteria and discusses both the qualitative and the quantitative
analysis of the selected articles. Finally, “Research Trends and Key Findings” highlights
emerging trends and significant insights drawn from the comprehensive examination and
analysis of the selected studies.

4.1. Article Selection

Through the application of designated search strings across five key academic databases,
a total of 1441 articles were initially identified. The first searches were conducted in
July 2023. The selection process, guided by the specific inclusion and exclusion criteria
and a thorough review of abstracts and full texts, narrowed this down to 78 articles for
detailed analysis.
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The methodology and results of this filtering process are detailed in Table 5 for each
database, and the PRISMA flow diagram depicted in Figure 3 meticulously outlines the
steps of article identification and screening. In the identification phase, a total of 561 articles
were removed after applying the initial exclusion criteria such as date, language, and
article type. Additionally, 37 duplicates were removed. In the first part of the screening
phase, 631 articles were further removed after reading the title and the abstract. These
removed articles focused on techniques for patent trend analysis, topic modeling, non-
textual retrieval, etc. A total of 212 articles were sought for full access; however, 45 out of
those did not have full access which led to their removal from the list of the shortlisted
articles. After reading the full texts, a further 89 articles that did not qualify as per our
outlined exclusion criteria were removed. Articles discussing patent retrieval techniques
in general that could help in the patent prior art search were included in the final list of
78 shortlisted articles.
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Table 5. Article retrieval per academic database.

Academic Databases Total Articles Found After Applying Inclusion/Exclusion
Criteria and Duplicate Removal

Google 738 38

IEEE 180 14

Springer 308 16

ACM 135 9

Science Direct 80 1

Total 5 1441 78

4.2. Research Questions’ Findings

RQ1: What innovative patent retrieval techniques have been developed and utilized for
effective patent analysis?

A wide range of techniques have been proposed in the literature, focusing on either
general patent retrieval or retrieval specifically aiding prior art searches. These patent
retrieval techniques can be divided into five (5) main categories:

1. Bibliometric-based methods
Bibliometric-based methods, in the context of patent retrieval, leverage patent bibli-
ographic data and citation data to enhance the effectiveness of the patent retrieval
and analysis process. Bibliographic data include the invention’s title, inventor(s),
assignee(s), filing date, publication date, priority date, and patent classification codes,
whereas citation data comprise information on the references cited within a patent
document (backward citations) and references that cite the given patent document
(forward citations) [39]. Extracting citations from patent manuscripts is challenging
due to the lack of a standard format for patent references [8]. For citation analysis,
citation graphs and temporal patterns are commonly employed.

a. Citation Graph/Network: It is a graphical representation of relationships between
patent documents by analyzing their citations. This method aids in comprehend-
ing patterns, influences, and trends within a specific area of study [39,40].

b. Temporal Patterns: These are a type of citation analysis that utilizes backward
citations to show how patents cite prior works over time, providing insight into
technological advancements in a particular field [41].

2. General Information Retrieval-Based Techniques
General information retrieval-based techniques employ principal Information Re-
trieval (IR) methods to search and retrieve patent documents from patent databases
using methods such as keyword-based searching, Boolean queries, and relevance
ranking algorithms. These include:

a. Collection Selection Method: This method helps to decide which subsection
of patent documents or patent data sources should be employed during the
search or analysis. The selection of pertinent data sources is based on already set
parameters such as relevance to the topic, and data quality [42,43];

b. Federated Search: It enables simultaneous search through several patent databases,
thereby, consolidating outcomes into one interface for swift retrieval. This
method accelerates the overall information retrieval process and saves time on
searches [44,45];

c. Query Expansion/Construction: It is a process of refining (adding or removing
terms to fine-tune), expanding (adding terms to broaden the scope), or augment-
ing (adding terms to enrich coverage of a topic) the original search query to
increase the inclusiveness and relevance of search outcomes [39,46–48];
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d. Graph-Based Techniques: These techniques leverage graph theory to represent
and examine patent documents as a network of connected nodes in a graphical
layout, enhancing context-aware search, retrieval, and analysis [39,48,49];

e. Dynamic Ranking: This method iteratively re-ranks search results to better reflect
shifting user preferences and situations. Used by recommendation engines and
search engines, dynamic ranking adaptively reorders search results to provide
users with the most current and relevant content [50,51].

3. Machine Learning-Based Techniques
Machine learning-based techniques, in the context of patent retrieval, recognize pat-
terns and predict document relevance to enhance patent document search, categoriza-
tion, and analysis [52].

a. Recommendation Based Retrieval: This method provides tailored recommenda-
tions to users based on their search queries by utilizing methods from information
retrieval, data mining, and machine learning [41,53];

b. Nearest-neighbor (NN) technique: This technique scans a set of patent documents
to identify patents (nearest neighbors) that resemble a given query patent based
on certain features. The similarity metric is typically determined by the distance
between the feature vectors of the patent documents [54];

c. Dimensionality reduction model: This process renders a more manageable dataset
for research or representation by reducing high-dimensional data to a lower-dimensional
space while retaining key features (important information) [55];

d. Ensemble method: This method integrates several models to enhance the overall
effectiveness of the patent retrieval system. It involves training multiple models
individually and then combining their predictions to produce an improved final
result [56];

e. Fuzzy Logic: This technique facilitates adaptable decision-making in situations
with incomplete information by accommodating ambiguity and imprecision in
patent retrieval operations [47];

f. Genetic Algorithm: This approach iteratively modifies search query parameters,
including keyword combinations, and weights to better reflect the user’s intent
and produce more effective and comprehensive search results [57,58];

g. Heuristic Meaning Comparison: This method utilizes patterns and similarities
found in patent documents to provide domain-specific insights in the form of
rules to steer the search process. These approaches can be used to find synonyms,
related concepts, or typical patent structures that could aid in finding more
relevant patent documents [59];

h. Deep Learning Techniques: These techniques use deep learning models, such as
convolutional neural networks (CNN) and recurrent neural networks (RNN), to
identify complex structures and semantic correlations within patent documents
to improve overall search results [60–62];

i. Clustering: This process organizes patent documents into relevant clusters based
on shared characteristics in their citation networks, metadata, or content, to aid
in managing large patent databases. Additionally, it also facilitates the explo-
ration and navigation within the network, in order to locate relevant patent
documents [63–65].

4. Natural Language Processing-Based Techniques

a. Topic Modeling: Algorithms such as Latent Dirichlet Allocation (LDA) are used to
identify generic topics or concepts in a group of patent documents by examining
the density of words or terms. These algorithms categorize patent documents into
topic clusters using word co-occurrence patterns, facilitating easy investigation
and comprehension of key topics and trends within patent documents [61,66];

b. Contextual Modelling: These modeling techniques are employed to comprehend
and generate patent textual data, analyzing technical language and domain-
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specific vocabulary, and to interpret search requests. This enhances query com-
prehension, text summarization, and relevance scoring, ultimately improving
the effectiveness of patent search and retrieval processes. Contextual mod-
elling includes approaches such as n-gram models, Bidirectional Encoder Rep-
resentations from Transformers (BERT), Generative Pre-trained Transformer
(GPT) [40,44,53,61,66–69];

c. Semantic Analysis: This process examines the relationships between words,
phrases, and sentences to comprehend and interpret the semantics (meaning) of
input text. Methods used include named entity recognition, sentiment analysis,
and semantic similarity [48,56,57,70–72];

d. Statistical Analysis: This technique uncovers the statistical characteristics and
connections found in textual data. It supports tasks such as language modeling,
information retrieval, and topic extraction by analyzing statistical traits present
in the data. Included techniques are Language Models (LM) using Dirichlet
smoothing and Jelinek–Mercer smoothing, Term Frequency–Inverse Document
Frequency (TF–IDF), Latent Dirichlet Allocation (LDA), and n-gram models such
as unigrams, bigrams, and positional information [39,46,55,58,63,73–83];

e. Text Processing: This process enables machines to examine text, understand its
structure and meaning, and extract valuable information for complex tasks such
as document classification and machine translation [51,62,84–87];

f. Similarity Measure: This is a comparability metric used to find similar texts or
documents. It encompasses methods such as approximate nearest-neighbor tech-
niques (identifying similar items using vector representations) and Kullback-Leibler
Divergence (which measures the variation in probability distributions) [54,88];

g. Tools: Various tools like TreeTagger, OpenNLP, and Stanford CoreNLP are ef-
fective for natural language processing tasks. They offer functionalities such as
tokenization, part-of-speech tagging, lemmatization, named entity recognition,
sentence segmentation, and more, to conduct in-depth linguistic analysis and
extract relevant information from textual data for various applications [89–91].

5. Semantic Analysis-Based Techniques

a. Semantic Trees: This technique organizes patent documents in hierarchical struc-
tures to illustrate semantic relationships between them as well as to facilitate
systematic traversal through related patent documents [71];

b. Cosine Similarity: This measures and quantifies the degree of similarity between
two patent documents’ vector representations. Useful for document matching,
grouping, and relevance ranking in patent retrieval systems, a high cosine simi-
larity index suggests a higher level of similarity between documents in terms of
content or attributes [90].

6. Other techniques

a. Claim Tree Structure: This represents the hierarchical relationships, including
comprising, linking, prepositions, and verbs, between the various components of
a patent claim in a tree-like structure to provide a thorough understanding of the
claim’s semantics and relationships. Each component of the claim can be a single
word (unigram) or a phrase (n-gram) [90];

b. Patent Ontology: This structured framework systematically arranges and rep-
resents patent-related data, such as patents, inventors, and classifications, and
their relationships. It facilitates effective retrieval, analysis, and comprehension
of patent data by providing a common vocabulary with shared semantics [92,93].

Table 6 illustrates the categorization of the studies according to their various techniques.
It shows that 37 studies utilized general information retrieval methods, while 56 studies
deployed natural language processing-based techniques. Additionally, 15 studies made use
of machine learning for patent retrieval techniques, 7 studies explored bibliometric-based
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techniques, and 3 studies applied other techniques. It should be noted that various studies
employed more than one technique to enhance the outcome of their experiments.

Table 6. Patent retrieval techniques per category.

Techniques Number of
Studies Study General Category

Citation Graphs/Network 6 [39,40] Bibliometric-Based
TechniquesPatent Ranking 1 [41]

Collection Selection method 2 [42,43]

General Information Retrieval
Methods-Based Techniques

Federated search 2 [44,45]

Query Expansion/Construction 23 [39,46–61]

Graph-Based Techniques 8 [39,48,49]

Dynamic Ranking 2 [50,51]

Recommendation-based retrieval 2 [41,53]

Machine Learning-Based
Techniques

Nearest-neighbor (NN) technique 1 [54]

Dimension reduction model 1 [55]

Ensemble method 1 [56]

Fuzzy Logic 1 [47]

Genetic algorithm 2 [57,58]

Heuristic meaning comparison 1 [59]

Deep Learning 3 [60–62]

Clustering 3 [63–65]

Topic Modelling 2 [61,66]

Natural Language
Processing-Based Techniques

Statistical
Analysis

Bigram language Model 1 [46]

LM (Dirichlet smoothing, and
Jelinek–Mercer smoothing) 2 [78,79]

TF–IDF 13 [55,58,73,75–77,80,81,83,94–96]

Latent Dirichlet allocation (LDA) 1 [63]

Positional Language Model 1 [74]

Unigram language model 2 [39,82]

Semantic
Analysis

Doc2Vec 2 [48,70]

Semantic Trees 1 [71]

Skip-gram model 1 [57]

Word2vec 5 [56,72–97]

Contextual
Modelling

BERT 10 [40,44,53,66–98]

BiLSTM (Bidirectional Long
Short-Term Memory) 1 [61]

Gated Recurrent Units (GRUs) 1 [69]

Conditional Random Fields (CRFs) 1 [68]

Text Processing 6 [51,62,84–87]

Similarity Measures

Approximate
nearest-neighbor
techniques

1 [54]

Kullback-Leibler
Divergence 1 [88]

Tools

Stanford CoreNLP 1 [89]

OpenNLP 1 [90]

TreeTagger 2 [91,99]
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Table 6. Cont.

Techniques Number of
Studies Study General Category

Semantic Trees 1 [71] Semantic Analysis-Based
TechniquesCosine Similarity 1 [90]

Claim Tree Structure 1 [90]
Others

Patent Ontology 2 [92,93]

Further analysis with the help of Figure 4 shows that query expansion/construction
is the most used approach in the information retrieval category. Similarly, the semantic
tree-based approach and cosine similarity-based approach have both been utilized once
in the semantic analysis category. Furthermore, NLP-based approaches have also been
widely exploited.

RQ2: How effective are the patent prior art retrieval techniques?

When undertaking a patent retrieval task with a specific patent, whether for a new
application of an innovative idea, the objective is to identify patents within a database
that are pertinent to the referenced patent. This process entails a detailed examination
of the patent’s claims, descriptions, and technical sphere to formulate search strategies
capable of pinpointing similar inventions. The goal is to discover patents with shared
technological, functional, or inventive traits, thereby providing a holistic view of the related
prior art. Such an extensive search identifies not only exact matches but also patents
with sufficient similarities to be deemed relevant, enriching the understanding of the
patent environment surrounding the new invention. This method strives to optimize the
identification of relevant patents (true positives, TP) and minimize the misidentification
of irrelevant patents as relevant (false positives, FP) or the oversight of pertinent patents
(false negatives, FN), ensuring the collection’s most relevant patents are precisely retrieved.
Recall, precision, F1-score, Mean Average Precision (MAP), and accuracy are performance
measures utilized in the literature for patent retrieval tasks. The definitions of the different
parameters are given below, with Section S3.1 in the Supplementary Material providing a
more thorough discussion on the topic [100–104].

Very few studies have shared comprehensive performance parameters pertinent to
their proposed patent retrieval techniques. Different studies have employed different perfor-
mance measures to evaluate the efficacy of their patent retrieval approaches. Some studies
have focused solely on Mean Average Precision (MAP), while others have prioritized
maximizing recall and enhancing precision by minimizing false positives. Additionally,
several studies employ a variety of measures to provide a comprehensive evaluation of
their methodologies, including precision, recall, F1 score, and others. The selection of
the performance measures usually depends on the unique objectives of the research, the
specific features of the dataset, and the anticipated application of the retrieval system.

Table 7 summarizes the recall, precision, MAP, F1 score, and accuracy as reported
by various studies. References [50,51] reported a perfect recall rate by utilizing general
information retrieval-based dynamic ranking techniques. The best precision of 99% was
achieved using a nearest-neighbor-based technique [54]. The top MAP score of 92% was
reported using an ML-based patent retrieval technique [54], while the highest F1 score
of 95% has been obtained using an NLP-based technique [62]. Only a handful of studies
have reported the accuracy of their proposed patent retrieval techniques, with the highest
accuracy of 96% obtained using an ensemble-based retrieval method [56].
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Table 7. Performance comparison between studies.

Recall Precision MAP F1 Score Accuracy Study

0.6595 0.554 0.105 NS NS [74]

NS NS NS NS NS [70]

NS NS 0.2727 NS NS [75]

NS NS NS NS NS [47]

1 0.952 NS NS NS [51]

0.2 0.65 NS NS NS [68]

0.5363 0.647 0.125 NS NS [46]

0.611 0.58 NS NS NS [105]

0.6034 0.4613 0.1731 NS NS [82]

0.75 NS NS NS NS [81]

NS NS NS NS 0.901 [98]

0.651 0.564 0.296 NS NS [49]

NS NS NS NS NS [69]

0.75 0.69 NS NS NS [60]

NS NS NS NS NS [92]

0.736 0.705 NS 0.72 NS [93]

0.7725 0.2426 NS 0.3691 NS [41]

NS NS NS NS NS [43]

0.579 0.481 0.105 NS NS [39]

0.812 0.659 NS 0.726 NS [67]

0.4501 0.8972 NS 0.5995 NS [106]

0.574 NS NS NS NS [107]

0.6534 0.549 0.1312 NS NS [78]

0.954 0.955 NS 0.954 NS [62]

NS 0.891 NS NS NS [108]

0.944 0.0513 0.1632 NS NS [76]

1 0.891 NS NS NS [50]

0.68 0.89 NS 0.95 NS [61]

NS NS NS NS NS [66]

NS NS NS NS NS [59]

NS 0.7354 NS NS NS [72]

NS 0.386 0.108 NS NS [109]

0.461 0.486 NS 0.473 NS [110]

NS NS NS NS NS [111]

NS NS NS NS NS [112]

NS NS NS 0.639 NS [53]

0.479 0.398 0.098 NS NS [73]

0.532 0.459 0.124 NS NS [85]

0.564 0.461 0.126 NS NS [113]

0.562 NS 0.143 NS NS [84]

NS NS NS NS NS [114]
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Table 7. Cont.

Recall Precision MAP F1 Score Accuracy Study

NS NS NS NS NS [65]

NS NS NS NS NS [115]

0.944 0.0513 0.1632 NS NS [77]

0.83 NS NS NS NS [71]

NS NS NS NS NS [40]

0.93 0.0611 0.214 NS NS [80]

NS NS NS NS NS [88]

0.92753 NS NS 0.92959 0.93166 [64]

NS NS NS NS NS [57]

0.7136 0.65 0.1433 NS NS [89]

NS NS Na NS NS [116]

0.364 0.269 0.106 NS NS [45]

0.9 0.88 NS 0.89 NS [117]

0.9123 0.6682 NS 0.7714 NS [118]

0.493 0.506 0.488 NS NS [58]

0.812 0.698 0.221 NS NS [97]

NS NS NS NS NS [96]

NS NS NS NS NS [44]

NS NS NS NS NS [90]

0.83 NS NS NS NS [99]

NS NS NS NS NS [94]

NS NS NS NS NS [87]

0.96 NS NS NS NS [91]

NS NS NS NS NS [42]

NS NS NS NS NS [55]

0.605 NS 0.529 NS NS [119]

0.5189 0.5109 0.2585 NS NS [120]

0.631 0.544 0.285 NS NS [83]

NS NS NS NS NS [121]

0.550 NS 0.368 NS NS [79]

NS NS 0.465 NS NS [95]

NS NS NS NS 0.965 [56]

0.49 0.99 0.92 NS NS [54]

NS NS NS NS NS [86]

NS NS 0.74 NS NS [63]

NS NS NS NS NS [48]

NS 0.562 NS NS 0.448 [122]
NS: Not Specified.
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RQ3: What are the most widely used patent data collections?

Researchers must consider various factors when selecting databases for patent search
and retrieval processes. Key considerations include availability, open access, and ease of
use of the database. The size of the database is crucial as larger databases offer broader
coverage of prior art, enabling more comprehensive searches. These extensive datasets are
also vital for training machine learning and natural language processing models. Specific
dataset parameters, such as publication dates, patent classification codes, and keywords, are
essential for refining search queries and effectively filtering results. These parameters allow
researchers to target specific time periods and technical fields effectively. Additionally,
precise annotations or classifications within the database enhance the efficiency of the
retrieval process. Below is a list of data collections or datasets that have been used for
evaluating patent retrieval systems in the surveyed research articles:

• CLEF-IP

The CLEF-IP (http://ifs.tuwien.ac.at/~clef-ip/ URL (accessed on 29 March 24)) (Con-
ference Labs of the Evaluation Forum—Intellectual Property) is an Intellectual Property
(IP) track under the umbrella of CLEF (https://www.clef-initiative.eu/ URL (accessed on
29 March 24)) (Conference and Labs of the Evaluation Forum), which is a European series
of workshops that commenced in 2001 to promote research on cross-language information
retrieval (CLIR). CLEF-IP was conducted between 2009 and 2013 to evaluate the perfor-
mance of patent retrieval (PR) systems. It offers datasets for various activities, including
prior art searches and patent classification. The CLEF-IP data collection encompasses
patent documents gathered from USPTO, EPO, and WIPO, presented in XML format with
a common DTD structure. The documents include sections such as bibliographic data,
abstracts, descriptions, and claims, often in multiple languages (English, German, and
French), as required by the European Patent Office (EPO) for granted patents. This collec-
tion is organized in corpus and topic pools to aid the information retrieval community in
comparing the efficacy of various information retrieval techniques [8,123]. A more detailed
explanation of the variants of the CLEF-IP dataset is given in Table S2 in Section S3.2 of the
Supplementary Material [8,123–126].

Numerous studies [39,42,43,45,46,48,49,56,66,73,74,79,82,83,85,87,89,94–118] have uti-
lized CLEF-IP as their dataset for experimentation and verification.

• NTCIR

The NTCIR (https://research.nii.ac.jp/ntcir/ntcir-12/index.html URL (accessed on
29 March 24)) (NII Test Collection for Information Retrieval Research) workshop was first
initiated in 1997 by the Japanese National Institute of Informatics to promote research in
information retrieval (IR) and related fields, with a specific emphasis on cross-language
information retrieval (CLIR) [8]. The Patent Retrieval Task aims to offer test sets for research
on patent information processing, including retrieval and mining [127]. Table S3 in Section
S3.2 of the Supplementary Material explains patent retrieval tasks in NTCIR-3, NTCIR-4,
NTCIR-5, and NTCIR-6 [8,127–130].

Only one study [84] utilized the NTCIR-6 dataset.

• TREC

The TREC (https://trec.nist.gov/overview.html URL (accessed on 29 March 24)) (Text
Retrieval Conference), initiated in 1992 and jointly sponsored by the National Institute
of Standards and Technology (NIST) and the United States Department of Defense, is a
widely recognized forum for evaluating information retrieval methods. Specifically, the
TREC-CHEM track focuses on chemical patent retrieval to promote and stimulate research
on chemical datasets. Table S4 in Section S3.2 of the Supplementary Material elaborates on
patent retrieval-related tasks in TREC-CHEM 2009, TREC-CHEM 2010, and TREC-CHEM
2011 [8,131–133].

Two studies [58,75], reported to have utilized the TREC dataset.

http://ifs.tuwien.ac.at/~clef-ip/
https://www.clef-initiative.eu/
https://research.nii.ac.jp/ntcir/ntcir-12/index.html
https://trec.nist.gov/overview.html
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• EPO

The EPO (https://www.epo.org/en URL (accessed on 29 March 24)) (European Patent
Office), set up in 1973, is an international organization with 39 member states that is
responsible for granting patents in Europe. EPO applications must be submitted in English,
French, or German [134]. The EPO provides a valuable source of patent data for researchers
to perform tasks related to patent retrieval and analysis, with the EPO dataset including
only patents granted by the European Patent Office (EPO) since 1978 [135]. Studies such
as those in references [88,117] have utilized the EPO dataset; reference [88] utilized a
subset of EPO patents consisting of two million English, one million French, and one
million German patents, each indexed individually for claims and descriptions, while
reference [117] analyzed over a million patent applications filed with the European Patent
Office (EPO) between 1982 and 2005, in conjunction with more than 20 million PubMed
documents published before the beginning of 2011.

• Google Patents

Google Patents (https://patents.google.com/ URL (accessed on 29 March 24)) pro-
vides both a search engine and public datasets, allowing users to browse and search an
extensive repository of patent-related information. The Google Public Patent Database
provides a huge warehouse of patent-related data and information for in-depth research
and analysis and includes patents issued by 17 different patent offices, including the United
States Patent and Trademark Office (USPTO) and the European Patent Office (EPO). More-
over, it features interlinked database tables to enable data-driven investigations of patent
analysis and retrieval-related tasks [136]. Five studies [60,61,66,111,115] have utilized
Google Patents.

• Chinese Patent

Chinese patents are managed and granted by the China National Intellectual Property
Administration (CNIPA (https://english.cnipa.gov.cn/) URL (accessed on 29 March 24)).
These patents are accompanied by datasets that provide significant information for research
and analysis. CNIPA datasets include bibliographic information, publishing data, and
legal data for patents, utility models, and designs from 1985 to the present. Moreover,
documents can be searched using a range of search parameters, such as application number,
publication number, publication date, applicant or patent holder, priority, patent agency,
class, title, and abstract [137]. Only one study [121] has utilized the Chinese patents.

• IBM Almaden

The IBM Almaden (https://research.ibm.com/labs/almaden URL (accessed on 29
March 24)) provides a collection of more than 13 million patents stored in an Oracle
Database Management System for Novartis, as part of a collaboration project between
Novartis/NIBR-IT and IBM. These patents, which cover various application areas associ-
ated with life and health sciences, can be retrieved using SQL queries and are stored in an
XML format. Reference [116] utilized the IBM Almaden data.

• Indian Patents

Indian patents are managed and granted by the Council of Scientific & Industrial Re-
search (CSIR (https://www.csir.res.in/) URL (accessed on 29 March 24)) and the Controller
General of Patents, Designs & Trade Marks (CGPDTM (https://ipindia.gov.in/patents.htm)
URL (accessed on 29 March 24)). Patestate (https://www.patestate.com/ URL (accessed on
29 March 24)) is an online database encompassing CSIR (Council of Scientific & Industrial
Research) granted patents. The Indian patent database provides researchers with useful
patent-related information, including application numbers, filing and publication dates, in-
vention titles, international classifications, priority document details, applicant and inventor
names, and abstracts [138]. Three studies [76,77,80] have utilized the Indian patents.

https://www.epo.org/en
https://patents.google.com/
https://english.cnipa.gov.cn/
https://research.ibm.com/labs/almaden
https://www.csir.res.in/
https://ipindia.gov.in/patents.htm
https://www.patestate.com/
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• MAREC

MAREC (https://www.ifs.tuwien.ac.at/imp/marec.shtml URL (accessed on 29 March
24)) is a large repository of over 19 million patent applications and granted patents taken
from EP, WO, US, and JP databases spanning the years 1976 to June 2008. MAREC includes
documents in multiple languages, including English, German, and French, with a majority
being full-text documents. It facilitates research and analysis in domains that include infor-
mation retrieval, natural language processing, and machine translation. Documents from
numerous countries are standardized into XML format with a common citation style and
patent numbering scheme. Standardized attributes include names of individuals, names of
companies, dates, countries, languages, references, and detailed subject classifications. The
MAREC collection consists of 19,386,697 XML files, totaling 621 GB. Two studies [44,94],
have utilized the MAREC dataset.

• NIH

Primarily, the National Institutes of Health (NIH) (https://www.nihlibrary.nih.gov/
nih-subject/patents URL (accessed on 29 March 24)) funds research and conducts studies.
NIH dataset includes information (title and abstract) on extramural grants, contracts
awarded, grant applications, NIH-supported organizations, NIH-funded scholars and
interns via NIH programs, and biomedical manpower, covering the period from 2007 to
2010. Only one study [54], has utilized NIH dataset.

• PatentsView

The PatentsView (https://patentsview.org/ URL (accessed on 29 March 24)) patent
database is an extensive resource and an open data platform developed in partnership with
the United States Patent and Trademark Office (USPTO) in 2012, focusing on data related to
intellectual property (IP). This database offers features such as patent visualizations, com-
munity collaborators, an API tool, a data query builder, and bulk data download, enabling
a thorough investigation and evaluation of intellectual property data. The PatentsView
database offers bulk downloadable patent metadata as well as comprehensive details
on granted patents, as individual files in a tab-delimited format for programmers and
researchers. It has several tables containing data on applicants, assignees, attorneys, classi-
fications, examiners, inventors, citations, and more. Only one study [68] has utilized the
PatentsView dataset.

• Russian Patents

The Russian Patent (https://rospatent.gov.ru/en/products_services/search_system
URL (accessed on 29 March 24)) database includes patents on various technological in-
novations, granted within the Russian Federation by the Russian Patent and Trademark
Office (Rospatent). The Federal Service for Intellectual Property (FIPS), which is part of
Rospatent, provides information on patents (encompassing inventions as well as utility
models) including bibliographic data, abstracts, descriptions, claims, drawings, and legal
status. The information is presented in the Russian language, but abstracts have been
translated into English for broader accessibility [139]. Three studies [71,91,99] have utilized
Russian Patents.

• USPTO (United States Patent and Trademark Office)

The United States Patent and Trademark Office (USPTO (https://www.uspto.gov/)
URL (accessed on 29 March 24)) is a government office that grants patents and registers
trademarks in the United States. The USPTO database enables inventors, researchers,
and corporations to obtain patent-related data through search tools, including legal status
information and access to full-text documents. These datasets provide comprehensive
information on a range of intellectual property-related topics. Table S5 in Section S3.2 of
the Supplementary Material describes the different USPTO research datasets [140].

Various studies have utilized the USPTO databases in their research [41,51,53,55,59,62,
63,67,70–81,90–93,95,96,105,109–112,120].

https://www.ifs.tuwien.ac.at/imp/marec.shtml
https://www.nihlibrary.nih.gov/nih-subject/patents
https://www.nihlibrary.nih.gov/nih-subject/patents
https://patentsview.org/
https://rospatent.gov.ru/en/products_services/search_system
https://www.uspto.gov/
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• WIPSON

WIPSON (https://www.wipson.com/service/mai/main.wips URL (accessed on 29
March 24)) is managed by WIPS which is a leading intellectual property service provider in
Korea. Only one study [122] has utilized WIPSON.

• TCM patents

The State Intellectual Property Office of China manages the Traditional Chinese
Medicine (TCM) (https://tcmsp-e.com/tcmsp.php URL (accessed on 29 March 24)) patents
database, established in 2001. The TCM Patent Database enables patent examiners to
easily search TCM-related patents by providing access to over 19,000 bibliographic data
and 40,000 TCM formulas. This database provides several search options, including quick
search, advanced search, TCM formula search, and search history [141]. Only one study [64]
has utilized the TCM patents,

As patentability requirements can also be influenced by non-patent data, several
researchers have also utilized non-patent datasets in their studies.

• PubMed Library

The PubMed (https://pubmed.ncbi.nlm.nih.gov/ URL (accessed on 29 March 24))
Library, administered by the National Library of Medicine, is a vast database of biomedical
literature sourced from scientific journals, research articles, and books. It facilitates the
search and retrieval of biomedical and life sciences literature with the intent of improving
health. This database includes over 36 million citations for biomedical literature, collected
from MEDLINE. MEDLINE, created by the National Library of Medicine (NLM), is a
prominent bibliographic database of biomedical literature that includes citations to journal
articles in the biological sciences covering medicine, nursing, dentistry, veterinary medicine,
health care systems, and preclinical sciences. These citations may include links to full-
text articles from the publisher and PubMed Central. Two studies [86,114] have utilized
PubMed data.

• Non-Patent Datasets

Two non-patent datasets are used in the selected literature to assess the patent search
and retrieval processes. The first, the Yeast (https://archive.ics.uci.edu/dataset/110/yeast
URL (accessed on 29 March 24)) dataset, was created in 1996 and is used in biology to predict
the cellular localization sites of proteins. This dataset serves classification tasks and has been
employed in two studies [50,108]. The second dataset, the 20 Newsgroups (https://www.
kaggle.com/datasets/crawford/20-newsgroups URL (accessed on 29 March 24)) dataset,
comprises approximately 20,000 documents across 20 diverse newsgroups. It covers a
broad range of topics from computer graphics and hardware debates to sports, politics, and
religion. This dataset is particularly valuable for evaluating machine learning techniques in
text-based applications such as text classification and clustering, as demonstrated in the
same two studies [50,108].

Two datasets have been overwhelmingly used by about 70% of our surveyed studies.
A total of 25 studies made use of the Cross-Language Evaluation Forum for Intellectual
Property (CLEF-IP) dataset and another 26 studies used the dataset provided by the United
States Patent and Trademark Office (USPTO), as shown in Figure 5. The remaining datasets
have been used much less frequently compared to the previously reported two datasets.
The Google Patents dataset has been used by five studies, whereas three studies have
reported their studies using the Indian Patents dataset, and another three have utilized the
Russian Patents dataset.

https://www.wipson.com/service/mai/main.wips
https://tcmsp-e.com/tcmsp.php
https://pubmed.ncbi.nlm.nih.gov/
https://archive.ics.uci.edu/dataset/110/yeast
https://www.kaggle.com/datasets/crawford/20-newsgroups
https://www.kaggle.com/datasets/crawford/20-newsgroups
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Figure 5. Dataset utilized for validation of the proposed patent retrieval techniques.

Table 8 shows more details of the CLEF-IP tracks. CLEF-IP 2011 has been widely
used and has been reported by 12 studies, whereas CLEF-IP 2012 has just been used by
two studies [82,87]. The table caters for the cases where a single study uses more than one
CLEF-IP track. For instance, if a study uses both CLEF-IP 2009 and CLEF-IP 2010, each is
reported separately in the table.

Table 8. Breakdown of CLEF-IP tracks.

Dataset Tracks Number of Studies

CLEF-IP

NS 1

2009 1

2010 9

2011 12

2012 2

2013 4

The preferred databases for prior art searches in the selected studies appear to be
USPTO and CLEF-IP. There could be a few possible reasons for their selection. One potential
reason for the USPTO could be its comprehensive coverage of patents, incorporating a
wide array of inventions. Moreover, the USPTO enjoys a remarkable reputation amongst
numerous industries, making it a significant resource for research and analysis. Lastly, the
USPTO provides a broad spectrum of patents and patent applications filed in the United
States, making it a rich source for prior art document searches. The likely explanation for
favoring CLEP-IP could be that it provides a well-curated and organized set of patents
intended solely for patent prior art search tasks. Additionally, this dataset offers a well-
annotated and standardized collection of patent documents, making the evaluation of prior
art search and retrieval systems easier and more efficient.
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RQ4: What is the impact of semantic search and natural language processing on the patent
retrieval process?

Semantic search leverages natural language processing (NLP) techniques to interpret
and comprehend the intent of the search query and the content of the documents being
searched, facilitating the identification of more relevant and accurate results. The integra-
tion of semantic search and natural language processing (NLP) in the domain of patent
retrieval enhances the efficiency and precision in locating relevant patent documents for
researchers, inventors, and patent examiners. This combination enables a more refined
matching process, capable of ranking complex-natured patent documents according to their
semantic similarity with the search query by considering the contextual understanding of
the content, which includes technical terminologies, legal jargon, and specialized acronyms.

Figure S2 in Section S3.3 of the Supplementary Material summarizes the overall NLP-
based techniques reported to have been used in various surveyed research, while Table 9
shows the details of the NLP models used. For instance, SBERT is one of the most widely
deployed BERT variants. Among embeddings, word embedding is the most popular
embedding technique, with eight studies reported to have used it. Another significant
finding from the survey is that almost all studies published from 2019 onward have
incorporated NLP as their main patent retrieval technique. Moreover, the majority of those
studies have included embeddings to aid the retrieval process.

Table 9. Summary of the utilized NLP models.

NLP Model Type Number of Studies Embedding Study

Kullback-Leibler
Divergence 1 [88]

LM (Dirichlet smoothing,
and Jelinek-Mercer
smoothing)

2 [78,79]

Positional Language
Model 1 [74]

Approximate
nearest-neighbor
techniques

1 [54]

BERT

2 Sentence and Word [44,66]

PLI 1 Passage [106]

ColBERT 1 Passage [81]

DistilBERT 1 Word [53]

ParaBERT 1 Word [110]

SBERT 3 Sentence [40,67,111]

TinyBERT 1 Word [98]

BiLSTM 1 Word [61]

Bigram language Model 1 [46]

Conditional Random
Fields (CRFs) 1 [68]

Doc2Vec 2 Document [48,70]

Gated Recurrent Units
(GRUs) 1 Word [69]

LDA 1 [63]

POS Tagging 6 [51,62,84–87]

Semantic Trees 1 [71]

Skip-gram model 1 [119]

TF–IDF 13 [55,58,73,75–77,80,81,83,94–96]
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Table 9. Cont.

NLP Model Type Number of Studies Embedding Study

Tools

Stanford CoreNLP 1 Word Embeddings [89]

OpenNLP 1 [90]

NS 1 [115]

TreeTagger 2 [91,99]

Topic Modelling 2 [61,66]

Unigram language model 2 [39,82]

Word2vec 5 Word Embeddings [56,72–97]

Table S6 in Section S3.3 of the Supplementary Materials offers a detailed overview
of the natural language processing (NLP) techniques employed in the selected studies,
providing a concise description of each method and its application within the research
context [142–169]. A total of 57 studies reported to have used NLP-based techniques,
and 55 studies utilized semantic or contextual searches for patent retrieval tasks. Further-
more, 21 studies employed embeddings such as word, sentence, passage, and document
embeddings to retrieve the patents of interest. This information has been summarized
in Figure 6.
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Figure 6. Utilization of semantic search and natural language processing for the patent retrieval process.

RQ5: Which part of the patent document are widely used for prior art searches?

Patents are intricate legal and technical documents, incorporating a blend of technical
terminologies, legal jargon, and specialized acronyms. A patent document consists of
several component sections, each serving a specific purpose and holding a different level
of significance. Table S7 in Section S3.4 of the Supplementary Materials delineates the
various components of a patent document, detailing their specific functions and providing
explanations to enhance understanding of their roles within the overall structure of a patent.

Several studies have used complete patent documents, while others have utilized
combinations of different sections, or in some cases, a single section of the patent document
to retrieve patents of interest. Figure 7 summarizes the findings of the survey. A total
of 14 studies have used the whole patent document to aid in the patent retrieval process,
while 12 studies have utilized the title, abstract, claims, and description sections of the
patent document to perform prior art and other searches. The abstract and title are also a
popular combination reported to have been used by seven studies. Some studies [60,122]
have made use of the title only to perform their searches. However, a total of eight studies
did not specify the part of the patent document they used to perform prior art searches.
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The preference for using full patent documents to assess the patent retrieval systems
may enable a thorough grasp of the context, tackle varying levels of detail, and understand
the full scope and its implications, but this requires a greater amount of time and resources.
On the other hand, using specific parts of the patent documents, such as abstracts, claims,
descriptions, or titles to train and evaluate a patent retrieval system is an efficient and
effective way to comprehend and make use of the important information contained in
the patent documents, as they offer relevance by focusing on crucial details about the
invention. This method also makes system evaluation and initial relevance ranking faster.
Nevertheless, selective use may overlook the contextual depth and crucial information
found in full patent documents. Therefore, there should be a smart selection of specific
parts of the patent documents to evaluate the retrieval systems that strike a balance between
efficiency and comprehensiveness. Claims (legal scope), abstracts (concise summary), titles
(short explanation of subject matter), descriptions (detailed technical information), and
citations (intellectual lineage) are the sections of patent documents that can be most relevant
for evaluating retrieval system performance, by considering both technical details and
intellectual context.

Classification systems like the International Patent Classification (IPC) and the Cooper-
ative Patent Classification (CPC) greatly improve patent searches by offering a standardized
framework for classifying and extracting patent documents according to specific techno-
logical domains. The IPC, managed by WIPO, is used globally and involves a broad
classification into sections, classes, subclasses, groups, and subgroups. It provides a sys-
tematic approach that facilitates straightforward classification and retrieval of patents,
which is especially useful in traditional search environments. On the other hand, the CPC,
a joint initiative by the European Patent Office (EPO) and the United States Patent and
Trademark Office (USPTO), builds on the IPC with more detailed classifications, containing
over 250,000 categories compared to the IPC’s 70,000. This allows for even more precise
and granular search outcomes, enhancing the relevance and accuracy of searches. However,
while the IPC is updated every five years, the CPC system is updated monthly, reflecting its
capacity to adapt more quickly to technological advancements. Nevertheless, the efficacy
of these systems is contingent upon the precision of the examiners’ initial classification,
which can be prone to errors. Despite these challenges, both IPC and CPC codes are invalu-
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able resources for researchers and practitioners to perform patent searches, with the CPC
offering a deeper level of detail for comprehensive investigations.

RQ6: What open challenges does prior art patent search and retrieval face?

Numerous studies have identified several key challenges in prior art searches and
patent retrieval, as summarized in Table 10 from the analysis of the 78 articles. A primary
concern is the ‘inconsistent document structure and formats’ [42,59,60,63,71,72,85,89,93,107],
across patents. This inconsistency complicates retrieval due to the blend of structured and
unstructured sections, diverse formats, and multiple languages. These variations stem from
the nature of patent filings, which must accommodate a wide range of innovations and legal
requirements across different jurisdictions. This leads to variations in how information
is organized and presented, including differences in the use of structured (e.g., claims,
abstracts) and unstructured (e.g., descriptions, drawings) sections, and the acceptance of
documents in various formats and languages to suit international standards and applicant
preferences. These variations pose challenges for retrieval systems in effectively interpreting
the diverse content.

Table 10. Summary of the challenges that prior art searches have to face.

Challenges Studies

Commercial patent analysis [115]

Sophisticated patent language and vocabulary [44,47,69,70,87,88,96,109]

Term mismatch [44,46,61,73,78,94,113]

Information asymmetry and overload [47,63,68,75,92,93]

Query reduction/expansion and query disambiguation [39,61,62,74,78,107]

Inconsistent document structure and formats [42,59,60,63,71,72,85,89,93,107]

Finding the most relevant classification codes [117]

Large quantity of patent applications [56,89]

Requirement of a high recall [39,50,66,89,107]

Limitations of keyword-based search [66,114]

Lack of data for training BERT [44]

Retrieval results accuracy and efficiency [57,84,111]

Examiner citations recommendation problem [81]

Patent Ranking [75]

Another significant obstacle is the ‘sophisticated patent language and vocabulary’ [44,
47,69,70,87,88,96,109], which arises from the need for precise descriptions and claims of
innovation. The use of intricate technical, legal, and domain-specific terms aims for legal
accuracy but introduces complexity in the retrieval process. Search systems must interpret
and match the nuanced vocabulary used in patents, which is compounded by the vast
array of patent documents across different jurisdictions with varying requirements and
languages requiring translation. The challenge of accurately parsing and understanding
this intricate language underscores the need for retrieval techniques sophisticated enough
to effectively handle these linguistic complexities.

Several researchers have also reported ‘query reduction and query expansion’ to
disambiguate the query as a significant challenge for patent retrieval [39,61,62,74,78,107].
Patent documents are inherently complex due to their lengthy nature and extensive use of
technical and specialized terminology. Accurately capturing the query’s requirements and
goals is crucial to retrieving the most relevant patent documents. Therefore, researchers
have developed techniques to disambiguate the query, sometimes by reducing the query
to remove irrelevant and noisy terms, and sometimes by expanding the query to add
more relevant keywords using known external sources. Researchers must strike a balance
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between oversimplification and adding complexity to the query to enhance the patent
retrieval results.

‘Term mismatch’ is another crucial challenge [44,46,61,73,78,94,113], with researchers
addressing the impact of semantic and conceptual variation as well as multilingual com-
plexities on patent retrieval. Relevant documents might not be retrieved due to the use
of synonyms and specialized terms in the query; therefore, researchers must develop
techniques that bridge the gap between user queries and patent documents.

Some studies have reported the challenge of ‘information asymmetry and over-
load’ [47,63,68,75,92,93], which impacts the patent retrieval process due to imbalances
in the availability of information among patent offices, applicants, and researchers, and
the sheer volume of information related to patents. Applicants and researchers often lack
access to cutting-edge tools and comprehensive databases, unlike patent offices, and this
limited access can deter their ability to conduct exhaustive patent retrieval searches. This
asymmetric access can impact the outcomes of patent searches and the overall patent
application process.

The ‘requirement of a high recall’ has also been listed as one of the major challenges
faced by the patent retrieval process, particularly for prior art searches [39,50,66,89,107].
High recall is necessary in prior art searches to ensure thorough scrutiny of all potential
references that may impact the novelty of a new patent or invention application. Without
achieving high recall, patent retrieval systems risk overlooking significant relevant patent
documents and potentially facing legal issues.

Several studies have reported challenges related to the ‘limitations of keyword-based
searches’ [66,114], where the focus is on overcoming the intrinsic shortcomings of keyword
searches, including their inability to recognize synonyms and capture semantic meanings.
Moreover, formulating complex queries involving multiple concepts or special operators,
such as Boolean and proximity operators, is challenging in keyword-based searches. This
can affect the outcome of patent retrieval systems. Likewise, some studies have dedicated
efforts to enhancing ‘retrieval results accuracy and efficiency’. Precision and recall are
both crucial in patent retrieval systems since high precision ensures that the number of
retrieved patents is relevant, while high recall ensures that all relevant patents are retrieved.
Nevertheless, it is a challenge to strike a balance between the two. Researchers must
develop techniques that consider not just user requirements but also the context of the
required search. For example, references [57,84,111] propose efficient techniques based on
the Skip-gram and TF–IDF models.

Some challenges have been reported by just one study, such as ‘commercial patent
analysis’ [115], typically conducted to aid strategic decision-making; ‘finding the most
relevant classification codes’ [117], required as part of accurately categorizing the patent
applications; ‘lack of data for training the BERT’ [44], related to the insufficiency of diverse
datasets for BERT training; ‘examiner citations recommendation problem’ [81], referring
to the challenges that patent examiners might face in conducting prior art searches where
proper referencing is not performed on the existing patent literature; and ‘patent rank-
ing’ [75], related to the process of assigning ranking based on relevance.

4.3. Quality Assessment

Table 11 lists the scores of each selected study against the Quality Criteria QC1 to QC7,
and the final column shows the normalized score. Reference [66] is ranked 1st according
to the set Quality Criteria (QCs), achieving the maximum score in 6 out of the 7 QCs.
References [71,76] have accrued the lowest scores in QCs and, consequently, are the lowest
in the rank.
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Table 11. Quality score of studies per each quality criterion.

Study QC1: QC2: QC3: QC4: QC5: QC6: QC7: Total Normalized

Publication
Venue Framework Proof of

Concept Dataset Study
Limitations Citations Future

Directions

[66] 1 1 1 1 1 0.5 1 6.5 100

[109] 1 1 1 1 0 1 1 6 91

[111] 1 1 1 1 0 1 1 6 91

[80] 1 1 1 0.5 1 0.5 1 6 91

[46] 1 1 1 1 0 0.5 1 5.5 82

[39] 1 1 1 1 0 0.5 1 5.5 82

[62] 1 1 1 0.5 1 0.5 0.5 5.5 82

[53] 1 0.5 0.5 0.5 1 1 1 5.5 82

[121] 1 1 1 1 0 0.5 1 5.5 82

[74] 1 1 1 1 0 0.5 0.5 5 73

[49] 1 1 1 0.5 0 1 0.5 5 73

[106] 1 0.5 0.5 1 0 1 1 5 73

[78] 1 1 1 1 0 0 1 5 73

[117] 0.5 1 1 1 0 0.5 1 5 73

[70] 0.5 1 1 1 0 0 1 4.5 64

[68] 1 1 1 0.5 0 0 1 4.5 64

[82] 0.5 1 1 1 0 0 1 4.5 64

[81] 1 1 1 1 0 0.5 0 4.5 64

[69] 0 1 1 1 0 0.5 1 4.5 64

[110] 1 1 1 0.5 0 0 1 4.5 64

[73] 0.5 1 0.5 0.5 1 0 1 4.5 64

[85] 0.5 1 1 1 0 0 1 4.5 64

[113] 0.5 1 1 1 0 0 1 4.5 64

[84] 0.5 1 1 1 0 0 1 4.5 64

[114] 0.5 1 1 0.5 0 0.5 1 4.5 64

[77] 0.5 1 0.5 1 0 0.5 1 4.5 64

[116] 0.5 1 1 1 0 0 1 4.5 64

[97] 0.5 1 1 1 0 0 1 4.5 64

[96] 0 0.5 0.5 0.5 1 1 1 4.5 64

[120] 1 1 1 1 0 0.5 0 4.5 64

[95] 1 1 1 1 0 0.5 0 4.5 64

[54] 0 1 1 0.5 0 1 1 4.5 64

[75] 0.5 1 1 0.5 0 0 1 4 55

[67] 0.5 1 1 1 0 0.5 0 4 55

[72] 0.5 0.5 0.5 0.5 0.5 1 0.5 4 55

[112] 0.5 1 1 1 0 0.5 0 4 55

[45] 1 0.5 1 1 0 0 0.5 4 55

[118] 0.5 0.5 1 1 0 1 0 4 55

[58] 0.5 0.5 0.5 1 0 1 0.5 4 55

[90] 0.5 1 1 0.5 0 0 1 4 55

[99] 0 0.5 1 1 1 0 0.5 4 55

[42] 0 1 1 1 0 1 0 4 55

[55] 0 1 1 1 0 0 1 4 55

[79] 0.5 0.5 0.5 0.5 1 0 1 4 55

[63] 0.5 0.5 0.5 0.5 0 1 1 4 55

[48] 0 1 1 1 0 0 1 4 55

[122] 0 1 1 1 0 0 1 4 55

[51] 0 1 1 0.5 0 0 1 3.5 46

[92] 0.5 1 0.5 0.5 0 0 1 3.5 46
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Table 11. Cont.

Study QC1: QC2: QC3: QC4: QC5: QC6: QC7: Total Normalized

Publication
Venue Framework Proof of

Concept Dataset Study
Limitations Citations Future

Directions

[41] 1 1 0.5 1 0 0 0 3.5 46

[40] 0 1 1 1 0 0 0.5 3.5 46

[64] 0 0.5 1 1 0 0 1 3.5 46

[94] 0 1 1 1 0 0 0.5 3.5 46

[59] 0 0.5 0.5 0.5 0.5 0.5 0.5 3 37

[43] 0 0.5 0.5 1 0 0 1 3 37

[107] 0 0.5 1 1 0 0 0.5 3 37

[108] 0.5 0.5 0.5 0.5 0 0.5 0.5 3 37

[50] 0.5 0.5 0.5 0.5 0 0.5 0.5 3 37

[87] 0 0.5 0.5 1 0 0 1 3 37

[56] 0 1 0.5 0.5 0 0 1 3 37

[61] 0 1 0.5 0.5 0 0.5 0 2.5 28

[47] 0.5 0.5 0.5 0 0 0 1 2.5 28

[105] 0 1 1 0.5 0 0 0 2.5 28

[60] 0 1 1 0.5 0 0 0 2.5 28

[93] 0 1 0.5 0.5 0 0 0.5 2.5 28

[65] 0 0.5 0.5 0.5 0 0 1 2.5 28

[115] 0 0.5 0.5 0.5 0 0 1 2.5 28

[91] 0.5 0.5 0.5 1 0 0 0 2.5 28

[86] 0 1 1 0.5 0 0 0 2.5 28

[98] 0 1 0.5 0.5 0 0 0 2 19

[88] 0.5 0.5 0.5 0.5 0 0 0 2 19

[89] 1 0.5 0.5 0 0 0 0 2 19

[44] 0.5 0.5 0.5 0.5 0 0 0 2 19

[83] 0 0.5 0.5 0.5 0 0 0.5 2 19

[57] 0 0.5 0.5 0.5 0 0 0 1.5 10

[119] 0 0.5 0.5 0.5 0 0 0 1.5 10

[76] 0 0.5 0.5 0 0 0 0 1 0

[71] 0 0.5 0.5 0 0 0 0 1 0

Further analysis of the top five studies [46,66,80,109,111] reveals that, except for one
study [80]—which only partially fulfilled QC4 due to the use of a smaller dataset—all
the other studies fully met QC1 to QC4 and QC7. These studies have been published in
reputable venues, have presented and tested their frameworks on well-known and large
datasets, and have highlighted future research directions. Whereas two studies [66,80],
fully met QC5 by discussing the limitations of their study, none of the other studies stated
any limitations. Similarly, studies [109,111] fully met QC6 with good citation rates per year;
however, the rest of the studies only partially fulfilled QC6.

Upon analyzing the bottom three studies [71,76,119], it can be observed that none of
the studies fully met any of the given QCs. Only QC2 and QC3 have been partially met by
all the studies, as these studies either propose an incomplete framework or have not detailed
the proof of concept within the study. QC4 was only partially met by reference [119] by
utilizing a basic dataset; neither of the other two studies mentions datasets. All of these
studies were also not published in a reputable venue, received few or no citations per year,
and did not discuss any future research directions, hence not meeting QC1, QC6, and QC7.

4.4. Research Trends and Key Findings

To enhance the discussion on recent research trends and key findings in patent retrieval
for prior art and novelty searches, it is crucial to align these insights with the initially set
research questions. This approach ensures a structured analysis and understanding of the



Appl. Syst. Innov. 2024, 7, 91 34 of 49

evolving landscape in patent information retrieval. By examining the advancements and
methodologies developed in recent studies, one can identify the direction in which the field
is moving and the potential areas for future investigation. This includes recognizing the
adoption of sophisticated machine learning and natural language processing techniques,
addressing the challenges posed by complex patent language and diverse document for-
mats, and the increasing need for systems capable of navigating the intricacies of global
patent databases.

4.4.1. Publication Trends

Figure 8 reveals a fluctuating trend in patent retrieval research publications from 2013
to 2023, with the highest number of annual publications reaching 14 in 2015. This period of
peak activity between 2013 and 2015 is, however, followed by a notable decrease in 2016
and 2017. The number of publications saw a resurgence in 2018 and 2019, only to decline
again in 2020. Despite this inconsistency, a slight increase in 2021 and 2022 indicates a
renewed interest, particularly in leveraging NLP techniques. As the search was initially
conducted in July 2023, the publication data for the year 2023 constitutes only partial data,
as it takes up to 6 months for a publication to be properly indexed in databases. Overall,
this observation suggests a growing interest among researchers in exploring advanced NLP
applications in patent retrieval, hinting at a potential rise in publications in the near future,
as further discussed in the subsequent section.
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Figure 8. Number of published papers per year.

Figure 9 illustrates that a significant majority of literature in this field, approximately
66% of the overall articles, is published in conference proceedings, with the remaining
34% appearing in journals. This distribution suggests a preference among researchers
for conference presentations due to the immediate feedback, networking, and visibility
they offer. Conferences also facilitate multi-disciplinary interactions, providing a dynamic
platform for researchers to share and refine their ideas, a factor that could explain the trend
toward conference publications in the realm of patent retrieval research.

Table 12 shows that out of the top 10 publications that received the highest quality
score, seven (7) are journal publications while only three are conference publications. This
result reiterates the already known fact that the quality of journal papers is generally
considered superior to that of conference papers. Moreover, these studies are associated
with various well-known publishers including Elsevier, IEEE, Taylor & Francis, ACM,
Springer, and Emerald. Similarly, Table 13 shows that out of the top 10 most cited papers,
five are journal publications, with another five being conference papers. This observation
indicates that citations on papers are not merely dependent on the type of publication,
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despite the perceived quality of journals, but rather on the ideas presented in the publication.
Additionally, Springer has the highest number of papers, four, in the top ten list, whereas
IEEE, ACM, and Elsevier have three, two, and one paper, respectively.
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Table 12. Top ten publications with the highest quality scores.

Ref Publisher Conference/Journal Quality Score

[71] Elsevier Journal 100

[104] IEEE Journal 91

[43] Taylor & Francis Journal 91

[63] IEEE Conference 91

[46] ACM Conference 82

[107] Springer Journal 82

[77] Emerald Journal 82

[59] Elsevier Journal 82

[42] ACM Conference 82

[78] ACM Conference 73

Table 13. Top ten most cited papers.

Ref Publisher Conference/Journal Citations Normalized

[86] IEEE Conference 71 55

[104] IEEE Journal 55 91

[114] Springer Journal 53 55

[57] Springer Journal 40 55

[94] Springer Conference 39 55

[78] ACM Conference 37 73

[59] Elsevier Journal 33 82

[54] ACM Conference 31 64

[107] Springer Journal 30 82

[76] IEEE Conference 24 64

Figure 10 shows the distribution of the number of publications per publisher. IEEE
accounts for a significant portion, with 31% of publications, while Springer follows closely
with 28%. Emerald and Tylor & Francis, on the other hand, received a much smaller share
of publications, with just 3% and 2% of the total, respectively.
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Figure 11 summarizes the trend in the number of journal and conference publications
per publisher. It is evident that IEEE, ACM, and Springer are favored venues for conference
publications, likely due to their specialization in fields related to information retrieval, data
mining, and artificial intelligence. This specialization is a key factor contributing to their
high number of conference papers. In contrast, Elsevier and Taylor & Francis are noted
for only journal publications, focusing on a wide array of disciplines, which explains their
prominence in journal outputs.
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4.4.2. Research Questions: Key Findings

• RQ1: Emerging Patent Retrieval Techniques

The survey revealed that “Query Construction/Expansion” has traditionally been the
most popular technique amongst researchers [60–74], assisting in patent retrieval tasks.
The main focus of these techniques was to enhance recall by reducing query mismatch and
ambiguity. Recently, with advancements in NLP, more sophisticated context and semantic-
aware algorithms have been developed, yielding better results for patent retrieval tasks
with improved precision, as seen in references [62,99,111]. Additionally, “Graph-based
techniques” [40,49,108] have also been widely explored, due to their ability to represent both
structured and unstructured patent data and their complex relationships, facilitating patent
ranking and analysis by identifying the influential patents and refining the relevance and



Appl. Syst. Innov. 2024, 7, 91 37 of 49

quality of search results. Based on the surveyed studies, Figure 12 presents the classification
of the patent retrieval and patent prior art search-based techniques. These techniques
have been classified into five general categories: Bibliometric-Based Techniques, General
Information Retrieval-Based Techniques, Machine Learning-Based Techniques, Natural
Language Processing-Based Techniques, Semantic Analysis-Based Techniques, and Others.
The sub-categories are also shown in the figure.
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• RQ2: Top Performing Patent Prior Art Retrieval Techniques

Two studies, [50,51], based on dynamic ranking techniques, reported a perfect recall
rate for retrieval, with reference [50] utilizing the Yeast dataset while reference [51] uti-
lized the USPTO dataset to perform experimentation. This highlights the importance of
dynamic ranking techniques in retrieving a high number of relevant patent documents on
versatile datasets. However, precision rates of 89% and 95% were reported by these studies,
respectively. The top precision of 99% was achieved using a Nearest Neighbor-based
technique [54]. The use of similarity measurement to retrieve relevant patent documents
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can be one of the contributing factors that yielded such high precision for Nearest Neighbor-
based techniques. Balancing between precision and recall, the highest performing model
employed an NLP-based technique [62], achieving an F1 score of 95%. This underscores
the effectiveness of NLP techniques not only in accurately identifying relevant patent
documents but also in minimizing the detection of irrelevant ones.

• RQ3: Popular Datasets

Figure 13 illustrates the use of patent datasets over the surveyed years, showcasing a
strong preference for the USPTO and CLEF_IP databases among researchers. More than
70% of our surveyed studies make use of the two most popular datasets, with 26 studies
making use of the United States Patent and Trademark Office (USPTO) dataset [81,92,98]
and 25 studies employing the Cross-Language Evaluation Forum for Intellectual Property
(CLEF-IP) [39,43,82]. These choices highlight the versatility and relevance of the corpora,
as both remain favored for their comprehensive and high-quality data.
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Figure 13. Patent datasets used over the years.

The USPTO database, renowned for its extensive coverage of U.S. patents and patent
applications, includes a record number of up to 10 million records utilized in the most
extensive study [83]. This database’s breadth makes it an invaluable resource for patent
prior art searches, widely recognized across numerous industries for its utility in research
and analysis. Meanwhile, CLEF-IP, particularly the 2011 variant which is the most widely
used, sees up to 3.5 million records employed from its datasets for a single study [69].
Designed specifically for patent prior art search tasks, CLEF-IP offers a well-curated and
organized collection that provides standardized and well-annotated patent documents.
This makes it easier and more efficient to evaluate prior art search and retrieval systems.

Recently, Google Patents has also begun to gain recognition from the research com-
munity due to its easy access, comprehensive coverage, and availability of structured data,
signaling a potential shift in preferred resources or a broadening of the tools available for
patent research. Despite the introduction of newer platforms like Google Patents, USPTO
and CLEF_IP remain the cornerstones for most patent retrieval research, consistently cho-
sen for their robust datasets that support the development of innovative prior art search
and patent retrieval techniques. Their continued popularity underscores their critical role
in shaping the future directions of patent retrieval research.

• RQ4: Impact of Natural Language Processing on Patent Retrieval

Many of the recent studies have shifted their focus to using NLP-based techniques for
prior art searches. Our survey revealed that almost all studies published from 2019 onward
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have included NLP as their main patent retrieval technique. This shift from traditional
approaches to NLP may be attributed to various advantages that NLP-based techniques
offer, including semantic and contextual understanding, multi-lingual support, and the
availability of advanced deep learning-based algorithms. The majority of the surveyed
studies have made use of embeddings to aid the retrieval process. Embeddings are vector
representations of words, sentences, and documents that help the retrieval process with
better semantic and syntactic understanding of data. Among the different NLP techniques,
BERT is an emerging choice by researchers, deployed in a total of 10 studies. BERT provides
various advantages, including pre-trained contextualized word embeddings, assisting
transfer learning, and supporting deep bidirectional representation learning.

Another important trend observed in our surveyed articles is that the highest recall
rates have been achieved by all those studies that deployed NLP as their main technique.
For example, studies such as those in references [51,62,64,77,80,91] showed above 90%
recall rates, indicating a significant impact of NLP-based approaches on patent retrieval
tasks, especially for novelty and prior art searches.

Figure 14 presents a classification of NLP-based techniques. These techniques have
been placed into seven categories: Topic Modelling Techniques, Statistical Analysis Tech-
niques, Semantic Analysis Techniques, Contextual Modelling Techniques, Text Processing
Techniques, Similarity Measures Techniques, and Tools. The sub-categories have also been
shown in the figure.

• RQ5: Popular Patent Document Sections

Analysis of the selected studies revealed that 14 studies utilized the full patent docu-
ment for prior art and other patent retrieval searches. While the full document provides
comprehensive information on the patent, thereby potentially enhancing retrieval out-
comes, it should be noted that utilizing the full document is resource-intensive. This is
because a single full document contains a large amount of information, requiring significant
computational power and storage capacity to process effectively. 13 out of those 14 studies
utilized NLP as their search technique.

Another 12 studies reported utilizing “Title, Abstract, Claims, and Description” to
perform patent retrieval tasks, proving the effectiveness and usability of this combina-
tion. Similar to the above, “Title, Abstract, Claims and Description” is also a common
combination being utilized by NLP-based approaches [113,122].

A significant number of studies achieving a recall rate of 90% or higher utilized either
the “Title” section alone or the combination of “Title and Abstract” to conduct patent
retrieval [64,77,80,117].

• RQ6: Widely Reported Challenges

The surveyed studies have reported encountering numerous challenges in conducting
patent prior art or novelty searches. Among these challenges, “inconsistent document
structure and formats” emerged as a prominent issue, highlighted by at least ten studies as
a significant obstacle to effective patent retrieval. Similarly, another eight studies identi-
fied “sophisticated patent language and vocabulary” as a major hurdle, complicating the
search and analysis process. These findings underscore the complexities inherent in patent
searches, stemming from both the diversity of document presentations and the specialized
nature of patent terminology. These challenges emphasize the need for a specialized NLP
model for patent documents that can decode the sophisticated and nuanced language of
patent documents.
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4.5. Limitations and Future Directions

This systematic literature review (SLR) is subject to several limitations that should
be considered when interpreting its findings. Firstly, the temporal scope of this review
is confined to the past decade. While this allows for a focus on recent advancements
and trends, it may omit relevant insights and foundational work published before this
period, possibly skewing the understanding of the evolution and development of patent
retrieval techniques. Secondly, the review is specifically concentrated on patent prior art
retrieval. This focus provides depth in one area but limits the breadth of the investigation,
potentially overlooking broader aspects of patent retrieval such as infringement checks
or patent validity analysis, which could provide a more holistic view of the field. Thirdly,
the limitation of sourcing only from journal articles and conference papers might miss
significant insights found in other forms of literature, such as book chapters, industry
reports, and technical reports. These sources often contain valuable practical applications
and case studies that could offer a different perspective or complement the academic
viewpoints presented.
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Moreover, the review exclusively considers English-language articles, thereby restrict-
ing the diversity of viewpoints and potentially missing important contributions from
non-English-speaking regions. This language barrier may introduce a bias towards English-
speaking researchers’ perspectives and methodologies, possibly overlooking innovative
approaches developed in other linguistic contexts. Additionally, the exclusion of non-text-
based data might lead to overlooking complex innovations that are not easily described
in text form. This exclusion could limit the comprehensiveness of the review, especially
in fields where visual data are paramount. Lastly, the omission of documents for which
full-text access is not available could result in overlooking critical studies. This reliance
on accessible full-text documents might bias the review towards more readily available or
popular sources, potentially missing out on pivotal but less accessible research.

Each of these limitations not only frames the current findings but also sets the stage
for future research directions. Addressing these limitations in subsequent studies could
expand the understanding of patent retrieval practices, offering a more comprehensive
and inclusive perspective. Future research could aim to include a wider range of sources,
extend the temporal coverage, incorporate multilingual studies, and consider non-textual
data to enhance the richness and applicability of the findings.

The introduction of Generative AI in patent retrieval offers a promising avenue to
address some of these limitations by enhancing search accuracy, automating patent clas-
sification, and providing advanced summarization and translation features. With its
sophisticated ability to comprehend the nuances of search queries, Generative AI could
revolutionize prior art searches, forecast innovation trends, and enable more dynamic
and interactive querying processes. However, the integration of this technology must be
approached with caution, carefully considering potential challenges such as bias, data
privacy, and the costs associated with implementation.

Future research should also broaden the scope of sources used in patent retrieval. This
includes incorporating multilingual and non-textual data to better capture the global and di-
verse range of innovations. Additionally, while non-patent literature may not traditionally
fall within the strict bounds of patent retrieval, its integration is crucial for comprehensive
prior art searches to establish novelty. Exploring non-patent literature alongside traditional
patent databases enriches the context and depth of searches, potentially uncovering prior
art that patent documents alone might miss. Furthermore, examining different sections of
patent documents, such as claims and descriptions, can provide a richer and more com-
prehensive dataset for analysis. Expanding the variety of databases explored in research,
from well-established patent databases to newer or less utilized sources, can also enhance
the depth and breadth of retrieval results. By embracing a wider array of information
sources, researchers can develop more robust systems for patent analysis that better reflect
the complexities and nuances of innovation across different industries and regions.

Further, embracing interdisciplinary approaches that utilize different technological
advances can significantly enrich the field of patent retrieval. Techniques from data ana-
lytics, information retrieval, and artificial intelligence could be synergistically combined
to develop more robust systems for managing and analyzing patent information. These
advancements aim to make patent retrieval more comprehensive, inclusive, and effective,
enabling researchers to navigate the complexities of global innovations more efficiently.

This forward-looking approach is designed not only to address the identified limi-
tations but also to harness cutting-edge technologies and methodologies to expand the
boundaries of what is currently possible in patent retrieval research. By adapting to and
integrating these innovations, the field can evolve to meet the challenges of an increasingly
complex intellectual property landscape.

5. Conclusions

Patent prior art retrieval is essential for maintaining the robustness and integrity of
the patent system. It ensures that new patents are truly innovative and non-obvious by
comparing them against existing inventions. Effective retrieval of prior art helps protect
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intellectual property rights and prevents costly legal disputes over patent infringement.
Moreover, understanding the landscape of prior art supports strategic R&D investments,
guiding inventors and companies away from already patented technologies.

This systematic literature review (SLR) offers a comprehensive examination of state-
of-the-art methodologies and their effectiveness, significant data repositories, frequently
utilized patent components, the impacts of semantic search and natural language process-
ing, and the key barriers within the domain of patent prior art retrieval. To the best of our
knowledge, this is the first survey of its kind in the existing literature. A total of 78 articles,
published between 2013 and 2023, focusing on patent retrieval techniques for novelty and
prior art searches were extracted from five main research databases through a rigorous
search strategy. These articles were thoroughly and meticulously scrutinized, resulting in
the identification of a number of research trends and challenges in the domain.

Traditionally, query construction and graph-based techniques have been the preferred
methods among researchers for performing patent retrieval. However, recent trends
show a significant shift toward employing Natural Language Processing (NLP)-based
approaches, which have notably improved the recall rates of patent retrieval tasks. The
Cross-Language Evaluation Forum for Intellectual Property (CLEF-IP) and United States
Patent and Trademark Office (USPTO) datasets were prominently used in the majority of
the studies. To enhance the results of the patent retrieval tasks, most studies made use of
the full patent document, despite the resource burden of considering the whole document.
Moreover, inconsistent document structure and formats and sophisticated patent language
and vocabulary have been the most widely reported challenges in the surveyed studies.

The insights and trends highlighted in this SLR aim to serve as a foundational resource
for researchers and practitioners involved in patent novelty and prior art searches, as well
as general patent retrieval. Looking ahead, the application of specialized NLP transformer
models, such as BERT for Patents, needs to be explored to further enhance the efficacy
of novelty and prior art search processes. Moreover, the use of Generative AI also holds
immense potential to transform the process of retrieving patents by improving search
accuracy, automating patent classification, and providing advanced summarization and
translation features.
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