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Abstract
Judges frequently rely their reasoning on precedents. In every circumstance, courts must preserve
uniformity in case law and, depending on the legal system, previous cases compel rulings. The search for
methods to accurately identify similar previous cases is not new and has been a vital input, for example,
to case-based reasoning (CBR) methodologies. Innovations in language processing and machine learning
(ML) brought momentum to identifying precedents while providing tools for automating this task. This
rapid literature review investigated how research on the identi�cation of legal precedents has evolved. It
also examined the most promising automation strategies for this task and con�rmed the growing interest
in using arti�cial intelligence for legal precedents retrieval. The �ndings demonstrate that no arti�cial
intelligence solution currently stands out as the most effective at �nding past similar cases. Also, existing
results require validation with statistically signi�cant samples and ground truth provided by specialists. In
addition, this work employed text mining (TM) to automate part of the literature review while still
delivering an accurate picture of research in the �eld. Ultimately, this review suggests directions for future
work, as more experimentation is required.

1 Introduction
Civil, criminal, and administrative courts are challenged by the increasing need for justice systems'
intervention in private and public affairs. Their actions must result in prompt and consistent judgments
(Rhode 2004; Gomez 2021). Although the decision-making process of justice courts affects many facets
of citizens' life, these institutions have limited resources and strive to keep up with the rising caseload
(Susskind 2020; Popova et al. 2021).

The basis of the rationale of judges in national legal systems is precedent. Judges often follow precedent
closely for legal certainty. Otherwise, their rulings could be appealed to higher instances (Guillaume
2011).

In the same way, the Common Law system considers similar past cases to be precedents, implying that a
result in a current case is compelled by past cases (Rigoni 2014). Even in places that adopt Civil law,
courts are required to regard former rulings when there is enough uniformity in case law. Typically, when
consistent jurisprudence is formed, precedents become "soft" law, and courts consider them when making
decisions (Fon and Parisi 2006).

Precedents are also fundamental to case-based reasoning (CBR). CBR considers similar previous cases
to employ prior knowledge in answering new questions. CBR can be used to clarify new situations by
reasoning from precedents (Kolodner 1992). Arti�cial Intelligence (AI) and Law, a branch of AI, extensively
utilize CBR to explore legal case-based reasoning (Roth 2003).

Although research in CBR has been utilized in legal practice since the 1980s, techniques for identifying
precedents are reasonably young and understudied in AI and Law. While methods for mining textual data
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and natural language processing (NLP) have evolved and provide promising opportunities, the number of
papers that studied strategies for detecting similarity and recognizing such past cases is scant.

To our knowledge, no prior work has described the methodologies used to retrieve legal precedents. In the
same way, the research state on this subject needs clari�cation so researchers and courts can consider
such AI-based assistants. This paper identi�es the most promising �ndings and the knowledge gaps
about how AI can be employed by legal practitioners to retrieve similar cases. Moreover, we investigate
the effectiveness of text mining (TM) and NLP in this semi-automated systematic review of the literature.

Mainly, we concentrate on these research questions:

RQ1: How did researchers address the challenge of automatically identifying prior relevant cases?

RQ2: What methods are used in the studies that have been screened?

RQ3: What are the research domain's most in�uential journals and authors?

RQ4: What are the most promising methods for the automated search of legal precedents, and what
research gaps exist?

2 Theoretical Background

2.1 Systematic Literature Reviews
A systematic literature review (SLR) synthesizes scienti�c evidence starting from clearly formulated
research questions. It employs meticulous procedures to �nd, choose, and evaluate pertinent scienti�c
research. SLRs gather data and critically analyze information from selected studies (Moher et al. 2009).

The systematic review process is based on prede�ned criteria and protocol (Jahan et al. 2016),
constituting evidence syntheses of high value used to inform decisions. However, it frequently takes one
to two years to complete the process under the methodological rigor that renders SLR evidence reliable
(Ganann et al. 2010; Khangura et al. 2012; Bero et al. 2012; Tsafnat et al. 2014). Garritty et al. (2021)
mention that this aspect reduces the usefulness of SLRs for not tackling the time constraints of
stakeholders.

2.2 Rapid Literature Reviews
Various strategies exist to make reviews more time-e�cient. These strategies can be employed separately
or simultaneously. Review shortcuts are among these mechanisms, through which one or more steps in a
systematic review can be simpli�ed or omitted. Moreover, the typical systematic review approach is
accelerated by automating review steps (Tricco et al. 2017). In this sense, Rapid reviews (RRs) became an
alternative method to save time and resources on literature reviews. At the same time, the core principles
of knowledge synthesis are present (Tricco et al. 2017).
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Despite a surge in RR production, their process is still underdeveloped. The de�nition of a RR is still not
universally recognized (Khangura et al. 2012). An extension is in progress to Preferred Reporting Items for
Systematic Reviews and Meta-Analyses (PRISMA) for RRs (Stevens et al. 2018). However, until it is
formally �nalized, authors are encouraged to follow the generic PRISMA criteria as much as possible and
adapt them appropriately (Garritty et al. 2021).

PRISMA's four stages (identi�cation, screening, eligibility, and inclusion) are used in this study to guide
the critical components of an SLR.

2.3 Automating Systematic Literature Reviews
Numerous academics studied methods for automating the SLR procedure (van Dinter et al. 2021).
Conducting an SLR according to the best standards and with the required level of rigor is complex,
developed in multiple stages, and considerably time-consuming (Feng et al. 2018). While preserving the
level of rigor expected from SRs, text analytics and machine learning techniques could solve this scaling
issue (Zimmerman et al. 2021). For this reason, automated literature reviews have been utilized for
numerous subjects, including tourism and hospitality (António et al. 2019), climate change (Schweizer et
al. 2022), and healthcare (Golinelli et al. 2022).

A recent review screened 41 articles focused on automating SLRs. It concluded that the primary election
of studies was the most automated step. Even though various studies have proposed automation
techniques for SLRs, none have automated the planning and reporting phases (van Dinter et al. 2021).

Four groups of applications were identi�ed based on the SLR automation solutions proposed in 32
studies: automated document/text categorization, text mining based on visual methods (VTM) such as
word clouds, federated search strategy, i.e., searching on multiple data sources at once, and document
summarizing (Feng et al. 2018). In this study, we used Python (Van Rossum and Drake 2009) and a
combination of TM methods to identify primary studies for human screening.

VTM enabled the determination of the most pertinent terms and authors employing keywords and word
clouds produced from the most frequent terms. Also, we used the vectorial representation of the studies
under analysis to automate their classi�cation. Documents were deduplicated based on their similarity
and �ltered based on keywords.

Lastly, Latent Dirichlet Allocation (LDA) was utilized to determine document admissibility. It was made by
associating a Topics' distribution to each paper, each Topic with its corresponding probability. This way,
documents were softly clustered according to the Topic with the most signi�cant probability. The number
of documents still present following each phase is shown in Fig. 1.

3 Materials And Methods

3.1 Keyword Identi�cation
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Precedents are in�uential in resolving any particular legal question (Fon and Parisi 2006). According to
the Legal Information Institute, based at Cornell Law School, a precedent is a decision that serves as a
starting point for resolving later cases. These cases should involve similar facts or legal matters.
However, a case cannot serve as a precedent if its facts or issues differ from the current case (Cornell U
Law School 2020).

In this sense, the identi�cation of legal precedents is preceded by �nding previous similar cases. In this
sense, we derived key expressions from the research questions to allude to the detection of similar cases.
Also, we used 'precedent' as the corresponding legal term and consulted the study from Mandal et al.
(2021) as a seminal reference on identifying precedents in justice courts. The resulting set was the
following: 'precedents identi�cation', 'precedent retrieval', and 'case similarity'. Since CBR models are used
in many disciplines, including engineering and medicine, we added the term 'case-based reasoning' as a
potential alternative. We made the keyword 'legal' a required component to focus the search on the legal
segment.

3.2 Electronic Databases and Eligibility Criteria
We used Scopus, a publication of Elsevier, and Web of Science (WoS), a database managed by Thomson
Reuters, as sources because of their extensive coverage of publications. Besides that, these are the most
used electronic databases for bibliometric analyses.

Despite Mongeon and Paul-Hus (2016) emphasizing these databases' biases in favor of Natural Sciences
and Engineering and the overrepresentation of English-language journals, we considered these
characteristics would not represent limitations to this literature review. Bearing in mind the object of this
literature review and the application of TM and NLP techniques, such limitations were considered
irrelevant to the research questions. Given that English is the language of most relevant research, the
search was limited to English to reduce obstacles with text mining (António et al. 2019).

Additionally, to appraise the most recent methodologies, in line with advancements in TM and NLP, we
restricted the search to research published from the 2000s onward ('Year'> 1999). We did not restrict the
publication categories provided by the search because precedent identi�cation is still a relatively
unexplored topic.

Figure 2 and Fig. 3 show the queries on Scopus and WoS, respectively.

3.3 Extraction and Pre-processing of Data
A comma-separated values (CSV) �le was created from the Scopus results, and WoS results were stored
in an Excel spreadsheet for analysis. The relevance of the search terms was con�rmed by validating well-
known studies on the topic of interest.

We combined both datasets into a single table. Given the difference between variables in the two sources,
only the coincident variables in both databases were kept. A "Source" feature was engineered to specify
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the database. The set of variables that resulted from this procedure is found in Table 1. 

 
Table 1

Resulting variables after dataset merge.
Scopus variable name WoS variable name Resulting variable

Authors Authors Authors

Author(s) ID Researcher Ids Author(s) ID

Title Article Title Title

Year Publication Year Year

Source Title Source Title Source Title

Volume Volume Volume

Issue Issue Issue

Cited by Times Cited, All Databases Cited by

DOI DOI DOI

A�liations A�liations A�liations

Abstract Abstract Abstract

Author Keywords Author Keywords Author Keywords

Correspondence Address Addresses Correspondence Address

Publisher Publisher Publisher

ISSN ISSN ISSN

ISBN ISBN ISBN

Document Type Document Type Document Type

- - Source

For 181 entries, we could determine the country from the writers' a�liations and mailing addresses. It
represented 79% of the dataset. When it was impossible to separate the nation from the a�liation of the
initial writers, the correspondence address was utilized as a substitute. However, the nation of origin
could not be determined for 48 of the initial samples.

The next stage eliminated duplicate samples, focusing primarily on the document titles. These were
preprocessed to remove such elements to prevent capitalization, punctuation, and white spaces from
harming the identi�cation of publications with the same titles. Sixty-three duplicates were eliminated due
to this operation, and the Scopus samples were kept whenever possible.
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The Digital Object Identi�ers (DOIs) and the abstracts were subjected to the same process. In the case of
DOIs, a duplicate sample was found, which was removed. The comparison between abstracts found no
duplicates. The titles and abstracts later went through a more sophisticated process consisting of
tokenization and stemming. Tokenization is the text segmentation into basic units (tokens) such as
words and punctuation while stemming accounts for reducing words to their root form based on pre-
established rules. For example, a rule may state that any expression with -ing as a su�x will be reduced
by su�x removal (Bird et al. 2009).

The reason for deepening the titles and abstract similarity check was that two publications in the dataset
could represent iterations of the same research, such as a journal article originating from a conference
paper. For this reason, a method was used to �lter out articles with titles or abstracts that were
remarkably similar.

The abstracts and titles were compared separately. Each of these variables was initially vectorized into
bigrams and unigrams. Every publication represented an element of a bag-of-words model. This text
embedding model assumes that a text is nothing more than a histogram of the words it contains. Thus,
words' order or context are not considered (Theodoridis 2020). In the vectorial representation, the term
frequency-inverse document frequency (TF-IDF) was used to normalize word occurrence frequency based
on the number of publications where each word is present (Luhn 1957; Spärck Jones 1972). As a rule for
removing recurring or infrequent words, ones that appeared in more than 80% of the corpus or those
appearing in one document only were ignored.

After that, the cosine similarity between pairs of titles and abstracts was determined. One of the
publications was discarded when the pair had a similarity above 0.8. Indeed, two duplicate documents
were found when titles were evaluated, and three duplicates were found using abstracts. Three duplicates
were updates of the same paper released in the subsequent year, and the two remaining were studies that
appeared in different publishers.

3.4 Screening using Keyword Frequency
The queries for searching the electronic databases could retrieve any studies related to legal precedents,
even those not involving computational methods. Thus, we wanted to apply a screening process so that
the works not involving computational techniques for identifying judicial precedents or comparable prior
cases could be disregarded. We then chose to semi-automate the screening process of the remaining 160
documents.

This process started with tokenizing and stemming the abstracts, from which unique tokens (3256
unigrams and 14675 bigrams) were found. The number of occurrences of these tokens is shown in Fig. 4
and Fig. 5.

Stemmed words (tokens) might be indicative of computer-aided precedent retrieval applications. We used
word clouds for this purpose. The words appear larger in this visual representation the more frequently
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they occur in the corpus. To prevent non-discriminatory words from crowding word clouds, the tokens
shown in Fig. 6 have been removed.

When building the word cloud using unigrams, the tokens 'reasoning', 'cas', and 'casebased' were
discarded because they appeared in over half of the texts. Similarly, 'casebased reasoning' exceeded 30%
of the samples and was removed when the word cloud was built from bigrams. The word clouds were
created using the WordCloud library (Oesper et al. 2011) and are shown in Fig. 7 and Fig. 8.

The terms 'syst' ('support syst' included), 'arti�c intelligenc', 'machine learning,' 'natur language,' and
'computat model' pointed to the most promising literature segment. Following this, the only records kept
were those containing such tokens in the title, abstract, or keywords, yielding 101 samples.

3.5 Eligibility Screening based on Topic Modelling
During the eligibility assessment stage of the SLR, the publications are assessed for eligibility based on
pre-speci�ed methods. Therefore, the review team must meet the criteria for inclusion and also the criteria
for excluding publications. The result of this stage is the reduction of the studies under evaluation,
keeping the evidence set that can provide answers to the research questions. (Frampton et al. 2017).

We used topic modeling to cluster the papers and choose the studies with a higher probability of
effectively responding to the research questions. Despite Topic modeling is not a recent concept, it is
remarkable that just a few publications use this method to cluster research papers (Asmussen and Møller
2019). We decided to employ LDA (Blei et al. 2003). It is usually the preferred approach for topic
modeling and is considered state-of-the-art (Asmussen and Møller 2019), using the Gensim (Rehurek and
Sojka 2011) library. LDA is a topic model that uses a generative statistics approach to unveil semantic
topics in extensive text collections and classi�es documents into these topics. The documents are
categorized according to their distance from a given topic (Hu 2009; António et al. 2019).

We compared coherence and overlap measures to obtain the optimal number of topics. Additionally, it
should be recognized that model interpretation becomes increasingly challenging as the number of topics
increases. Coherence evaluates the level of semantic similarity among words with the highest scores in a
Topic (O’Callaghan et al. 2015). In contrast, the occurrence of a term in several topics and the overlap of
topics due to a small number of unique terms may point to less valuable (less coherent) models (Arora et
al. 2012). Figure 9 compares topic coherence and topic overlap for different numbers of topics.

It is possible to perceive that the coherence remains approximately constant while the average Topic
overlaps continuously decay. There is also a reduction in the gradient ("elbow") of the topic overlap for
two or four topics and after nine topics. Considering the problematic interpretability of many topics and
the signi�cant reduction of topic overlap from two to four topics, the authors opted to use four topics.
The preprocessed versions of each document's abstract, title and keywords were then utilized to construct
a corpus, which was then subjected to LDA.
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The weights of the top ten terms discovered in the four topics are shown in Fig. 10. Topic 0 was
characterized by a higher weight attributed to the 'explainabl' token. It means that documents more likely
to be associated with topic 0 are related to explainability, possibly with the explainability of models'
outcomes.

Topic 1 was associated with case-based reasoning. Still, the prevalence of general terms such as 'legal'
and 'law' associated the Topic with the legal sector, while hampering more speci�c intuitions. Topic 2
most important word was 'syst', and the top ten words included 'legal', 'decision', and 'support', indicating
some association with decision support systems in the legal environment. Finally, Topic 3 most important
words included 'product', 'complianc', 'algorithm', 'explanation', 'explaining', 'classi�cation', and
'application'. It indicated some degree of overlapping with Topic 0.

The abstracts of the documents were then checked to validate these initial hypotheses. Topic 3, for
instance, included papers related to electric motors compliance veri�cation, to new products development
and to the prediction of case-based legal arguments. Topic 2, in its turn, included the paper treated as a
referential work authored by Mandal et al. (2021). As a result, the highest probability associated with
Topic 2, the Topic that had the strongest link with the research subject, was chosen as the eligibility
criterion for each document. It resulted in 40 eligible documents.

3.6 Full-text Screening for Inclusion
After clustering the documents according to their most relevant topics and selecting the set of
publications mainly related to Topic 2, the remaining forty studies had their full texts examined to
eliminate those irrelevant to the automation of similar case identi�cation or precedent retrieval. The
nineteen publications found to focus on subjects unrelated to the research questions are synthesized in
Appendix A. It contains the excluded document titles and respective research topics.

Consequently, the �nal analysis included the 21 papers indicated in Table 2. 
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Table 2
Documents contained in the �nal selection (A = Article, CP = Conference Paper, PP = 

Proceedings Paper).
Reference Year Type Cited Country

(Mandal et al. 2021) 2021 A 11 India

(Arora et al. 2020) 2020 CP   India

(Di Nunzio 2020) 2020 CP 1 Italy

(More et al. 2019) 2019 CP 4 India

(Amin et al. 2019) 2019 CP 1 Germany

(Bhattacharya et al. 2019) 2019 CP 6 India

(Nair and Wagh 2018) 2018 A 1 India

(Kulkarni et al. 2017) 2017 CP 2 India

(Thuma and Motlogelwa 2017) 2017 CP 2 Botswana

(Oconitrillo and De La Ossa Osegueda 2017) 2017 CP 1 Costa Rica

(Zhang et al. 2017) 2017 A 22 China

(Eyorokon et al. 2016) 2016 CP 3 United States

(McLaren and Ashley 2011) 2011 CP 0 United States

(Raman and Palanissamy 2009) 2009 PP 0 Malaysia

(Raman and Palanissamy 2008) 2008 PP 0 Malaysia

(Nouaouria et al. 2006) 2006 A 3 Algeria

(Wang and Zeng 2005) 2005 CP 2 New Zealand

(Liu et al. 2004) 2004 A 40 Taiwan

(McLaren 2003) 2003 CP 67 United States

(Elhadi 2001) 2001 A 2 Hungary

(Elhadi 2000) 2000 A 30 Hungary

3.7 Eligibility Screening method validation
Although the screening process resulted in the recognition of 21 publications eligible for the literature
review, we wanted to validate the clustering through topic modeling as an effective method to assess
document eligibility.
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Thus, the abstracts of documents associated with the other topics were also evaluated to identify false
negatives, i.e., publications relevant to the review objectives and, therefore, that could be considered in a
systematic literature review.

Among the 61 publications related to Topic 0, Topic 1, or Topic 3, it was possible to identify nine
additional publications relevant to clarifying our research questions. They are listed in Appendix B, and
Table 3 details the number of publications (relevant or irrelevant) by Topic. The relevant publications in
Topic 2 are true positives identi�ed with the clustering method. On the other hand, the relevant
publications associated with other topics are considered false negatives.

 
Table 3

Relevant and irrelevant documents
identi�ed in each cluster

Cluster Type

Relevant Irrelevant Total

Topic 0 2 12 14

Topic 1 6 33 39

Topic 2 21 19 40

Topic 3 1 7 8

Next, it was possible to formulate the confusion matrix of Table 4 and calculate the Recall value,
respectively, 0.70. The Recall was utilized as the performance metric because it measures the ability to
identify the maximum number of relevant studies. The Recall is the proportion of true positives to all
positive samples (sum of true positives and false negatives). 

 
Table 4

Confusion matrix resulting from the eligibility
screening method

Eligibility

Screening

Identi�ed

Relevant Irrelevant

Actual Relevant 21 9

Irrelevant 19 52

To maintain consistency with the method used in this rapid semi-automated review, only studies
associated with the chosen Topic (Topic 2) were considered when answering the research questions.

4 Results
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4.1 Descriptive Analytics
Examining Fig. 11 demonstrates that the studies' publications were dispersed in numerous sources,
including various conference proceedings. The peer-reviewed articles were found in six different journals,
one article per journal.

When we examine the number of publications per year and geographical origin (Fig. 12), we observe a
few studies, approximately one per year, in the �rst decade of the 2000s. After the initial studies, there
was a long period in which there were virtually no publications in the �eld. After 2017, a growing interest
in this �eld is observable, with Indian researchers contributing the most to this subject. This growth is
possibly a result of the developments observed in TM and NLP in the latter half of the 2010s: word
embeddings and neural network (NN) applications to NLP (Mikolov et al. 2013), recurrent neural networks
(RNN) (Cho et al. 2014) and Long Short-Term Memory networks (LSTM) (Yao et al. 2019), Attention
Mechanisms and Transformers (Vaswani et al. 2017), and language models pre-trained through Transfer
Learning (Howard and Ruder 2018; Qiu et al. 2020).

4.2 Content Analysis
During the full-text analysis of the selected papers, we discovered that identifying similar cases was a
component of eight papers published in 2009 and before. However, in such publications, similarity
checking between cases was not the central aspect of the study. In all these examples, techniques
required domain expertise and the screening of cases, which made scalability a typical constraint of such
studies. It becomes unfeasible to identify similar documents when the number of cases increases.

In 2017, after eight years, a signi�cant period with reduced interest in the precedent retrieval topic ended
with a second group of ten papers revealing a signi�cant shift to apply TM and NLP. It con�rms the
impact of the advancements in NLP and TM �elds after 2013. In this context, we could see many text
embedding methods combined with variants of a ranking function called BM25 (Robertson and Zaragoza
2009) and Bidirectional Encoder Representations from Transformers (BERT) model (Devlin et al. 2019).

5 Discussion

5.1 RQ1 (How did researchers address the challenge of
automatically identifying prior relevant cases?) and RQ2
(What methods are used in the studies that have been
screened?)
The two �rst relevant studies (Elhadi 2000; Elhadi 2001) presented a simpli�ed model to store and
retrieve information in the legal context. The model approximated the human cognitive process and
combined keywords with related scenarios to facilitate understanding. The scheme matched individual



Page 13/31

cases to story patterns, clustering cases with some similarity. However, the patterns, keywords, and
importance were manually crafted according to the speci�c domain, e.g., bankruptcy legislation.

The following paper proposed a model using content vectors to recover principles and previous cases. In
this work, the author assessed similarities in each case's level of actions and events (McLaren 2003).
Content vectors summarize the information included in intricate relational structures. A case description's
content vector identi�es the functors that were used in that description and how frequently they occurred,
including connectives, relations, object properties, and functions (Forbus et al. 1994).

A 2004 paper presented an algorithm for obtaining valuable legal information, constructing case
examples from prior lawsuits, recognizing comparable samples, and re�ning them by combining cases
and deleting irrelevant data. It required encoding the texts as ordered sets of keywords and evaluating the
similarity between pairs of case scenarios. To measure similarity, the authors applied word count-based
metrics. Using predetermined crime types, the nearest neighbors created clusters (Liu et al. 2004).

The subsequent research introduced a function based on Nonlinear Nearest-Neighbor (NNN) for �nding
similar accident compensation cases. This method used "dimensions" to compare cases. The
dimensions can be interpreted as factors representing, analogizing, and differentiating legal cases. From
data observation, groupings of variables were set to represent clusters of cases. In this work, the authors
employed four groupings of variables. (Wang and Zeng 2005).

Nouaouria et al. (2006) presented a prototype of a tool for applying interpretative case-based reasoning
to verdicts involving alcohol consumption and smoking under Islamic legislation. The representation of
cases was based on attributes inferred as relevant to historical decisions, such as the type of fact and the
product used. The similarity was addressed by grouping cases with similar attributes.

Between 2008 and 2009, a methodology inspired by CBR for retrieving legal precedents depicted lawsuits
as pairs of attributes and their respective values. Knowledge from experts and critical legal
circumstances were the sources for attributes and values. After, the process involved a case-similarity
calculation, and cases with strong similarities were selected according to the value distribution of each
attribute (Raman and Palanissamy 2008; Raman and Palanissamy 2009).

In all previously analyzed studies, cases were represented using a predetermined set of dimensions
corresponding to the attributes of each sample. Consequently, the factors or dimensions describing each
case were subject-speci�c. Indeed, there were two broad approaches to applying information retrieval (IR):
methods built on manual knowledge engineering (KE) and others methods based on NLP. The existing
technology and scienti�c knowledge limited the former methods. The emphasis has been placed on KE-
based retrieval, even though these methods were not viable in the long run (Maxwell and Schafer 2008).

McLaren and Ashley (2011) evaluated the in�uence of temporal orderings of facts in distinguishing
among cases in ethical case issues. Each case was represented by a prede�ned set of actors, objects,
actions, and events that appeared in the narrative. Also, the temporal knowledge was expressed through a
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time quali�er: an association between time and how a fact related to other facts. The study did not detail
the logic employed to obtain the time quali�er to each case. The authors could not con�rm the
hypothesis that introducing temporal knowledge into a computational model will increase the accuracy
of the model's predictions.

Eyorokon et al. (2016) presented Kyudo, a system that used conversational CBR to support knowledge
discovery. Cases were represented in Kyudo as sequences of questions or knowledge goals represented
by TF-IDF vectors. The similarity between answers or new goals with the existing knowledge base was
calculated as a dialogue between the user and the system. By expressing knowledge goals as
multidimensional vectors of semantic attributes, the system could recognize similarities with other
knowledge goals and alert the user to other pertinent goals as the number of examples increased.

Later, a Business Intelligence (BI) solution was proposed by Oconitrillo and De La Ossa Osegueda (2017)
to support judges' decision making. The authors proposed a new formal representation of legal cases,
depending on facts and attributes. It considered how the law is applied during a judge's reasoning
process to decide on each case and the relations that a judge develops among such regulations.
Nevertheless, the authors did not incorporate a solution for automating the retrieval of attributes and their
values.

With a study authored by Kulkarni et al. (2017), proposing the detection of precedents using Regular
Expressions rules, cosine similarity between Doc2Vec embeddings (Le and Mikolov 2014), and topic
modeling (Blei et al. 2003), we notice a move toward TM and NLP. Another research published in 2017
detected precedents integrating genetic algorithms (GAs) with k-nearest neighbors (KNNs) (Zhang et al.
2017).

Additionally, the performance of legal catchphrases for precedent retrieval was studied. Thuma and
Motlogelwa (2017) isolated legal catchphrases from new cases, mostly bigrams and trigrams
represented by TF-IDF vectors, and compared to gold standard catchphrases extracted from previous
cases. The results indicated that the technique needed improvements.

In a 2018 article, the citations of a document were used to perform association-rule mining as an
alternative method of identifying similarities. This time, cases with matching citations were considered
comparable (Nair and Wagh 2018).

To identify similar cases from unstructured text, an unsupervised Autoencoder (Baldi 2012) was used as
a substitute for word embeddings based on neural networks, such as Word2Vec (Mikolov et al. 2013).
The Autoencoder was utilized with LSTM to retrieve similar cases from unstructured text. It reportedly led
to quicker training and more accurate results (Amin et al. 2019).

Using Named Entity Recognition (NER) Mansouri et al. (2008) to preprocess documents and the input
query, More et al. (2019) reported the extraction of data from legal texts. First, the vectorization used TF-
IDF, while the comparison of documents used BM25. This algorithm also won the Arti�cial Intelligence for
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Legal Assistance (AILA) track at the 2019 FIRE Conference (Bhattacharya et al. 2019), in which the task
involved identifying legal precedents. In the subsequent edition of FIRE Conference, Di Nunzio (2020)
explored techniques to reduce the dimensionality of vectorized texts by employing lemmatization and
stemming. The author compared the techniques in the task of retrieving precedents with no outstanding
results for any method.

Recently, the novel text embedding technique Top2Vec (Angelov 2020) was used to retrieve precedents in
combination with BM25 in a paper published by Arora et al. (2020). The authors evaluated the similarity
obtained from Top2Vec embeddings with BM25, outperforming BM25-only measures.

The most recent publication in this rapid literature review was released in 2021. Mandal et al. (2021)
presented a comprehensive study of �fty-six distinct combinations of document representation
techniques (eight) and similarity measures (seven) to identify similarities between case report texts. Their
methods author-designed methodologies, BERT, and Law2Vec (Chalkidis 2018), Word2Vec embeddings
trained on legal corpora.

When comparing the various methods for similarity measurement, the authors noticed a similar
performance between neural network-based embeddings (Word2Vec, Doc2Vec, and Law2Vec) and
conventional embeddings, whereas BERT produced unsatisfactory results. They also noted that the
conventional vectorization techniques that represent text using bag-of-words, for instance TF-IDF,
outperformed the more sophisticated methods that consider the context (such as Law2Vec and BERT).

5.2 RQ3: What are the research domain's most in�uential
journals and authors?
As described in Table 2, the most cited paper had 67 citations. It was published in Arti�cial Intelligence.
The following two papers with more citations were published in the Journal of Information Science and
Engineering and Experts Systems with Applications. This set of publications is concentrated between the
years 2000 and 2004. In line with the time gap we observe in the literature associated to the this �eld, the
following three most cited papers were published between 2017 and 2021, on IEEE Access, Arti�cial
Intelligence and Law and ACM International Conference Proceeding Series.

Exception made for CEUR Workshop Proceedings, all sources had only one paper considered relevant to
this literature review (Fig. 11). Consequently, it is still not possible to say that there is a source considered
more in�uential than the others in the �eld of automation of identi�cation of legal precedents.

The author with the most citations is Bruce M. McLaren (67 citations), although this author cannot be
considered currently in�uential to this �eld as the paper to which the citations correspond was published
in 2003. The same applies to Chao L. Liu, Cheng T. Chang, and Jim H. Ho, with 40 citations and
Mohamed T. Elhadi, that was cited 30 times. The authors that published papers more recently and that
obtained most citations are Kripabandhu Ghosh (17 citations), Saptarshi Ghosh (17 citations), and Arpan
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Mandal (11 citations). The literature in this �eld is also very sparse in terms of in�uential authors, with no
author with more than two relevant publications.

5.3 RQ4: What are the most promising methods for the
automated search of legal precedents, and what research
gaps exist?
The existence of numerous methods for identifying legal precedents is among the �ndings provided in
response to RQ1 and RQ2 (Section 5.1). Strategies that were founded on knowledge engineering (KE) and
that required specialized knowledge to manually specify dimensions, factors, issues, or knowledge goals,
proved incapable of meeting the increasing number of new cases in the various courts of justice.

On the other hand, recent research advances of the last decade, especially network-based embeddings,
LSTM, and Transformers, provided new paths to follow, although there is still no method that clearly
stands out as the more effective solution. The research papers included in this literature review, especially
those published after 2017, tested several solutions for automating the textual similarity retrieval in the
legal context. All assemblies combined text embeddings, such as TF-IDF, Word2Vec and BERT, with
similarity measurements, such as cosine similarity or the BM25 ranking function.

No work has analyzed the effect of text preprocessing on the results, which may prove to be decisive
considering that, so far, there is no embedding methodology that presents superior performance. Another
observation is that techniques that employ bag-of-words representations should not be neglected, as
demonstrated by Mandal et al. (2021).

Particularly, there is still a need to validate the results obtained. First, the techniques have been tested in
one study each, in speci�c contexts. It is desirable that larger corpora and expert-supplied ground truth
are incorporated into new studies, preferably in new legal contexts. It is crucial to notice that the
mentioned works were conducted on very small corpora. The most comprehensive study in comparing
similarity measurement methods used only 50 pairs of documents as the gold-standard, concluding that
embeddings based on bag-of-words outperformed sophisticated methods like BERT and Law2Vec that
consider the context (Mandal et al. 2021).

6 Conclusions
This rapid literature review was designed to summarize the literature status on automating the
identi�cation of legal precedents. The research questions were formulated so that the techniques
employed could be identi�ed, as well as the most in�uential journals and authors. Still, it was expected to
check if one or more techniques demonstrated superior results.

The aimed results were achieved by employing textual mining methods, precisely by semi-automating the
identi�cation, screening, and eligibility phases of a literature review. Such method proved capable of
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identifying 70% of publications relevant to the Topic, while reducing in 82.5% the number of studies that
needed to be analyzed in detail (40 out of 229). This paper demonstrates the potential of employing
automation techniques to accelerate the preparation of literature reviews.

The answers to the research questions drive to the conclusion that the automation of legal precedents
retrieval is progressively being associated to text processing and machine learning. Nevertheless, such
applications are barely explored in the literature.

First, techniques have been tested in one study each, in speci�c contexts. More signi�cantly, tough, the
validation samples, when existent, included an insu�cient number of document pairs for statistical
analysis. In addition, we found that even the most modern text embedding and similarity evaluation
techniques did not produce signi�cantly superior outcomes in the initial studies. Finally, no study has
veri�ed the effect of text preprocessing on the results.

Consequently, there is no clear approach to developing models capable of recognizing precedents. The
strategies must be evaluated in more research, in various circumstances, preferably with larger corpora
and expert-provided ground truth. Future research should also investigate the applicability of LSTM and
Transformers to this subject.

The �ndings of this rapid literature review, however, must consider some limitations. First, the status quo
of the �eld was determined through 21 papers only. Next, the process of retrieving documents may be
biased or limited due to human cognition involved in the decisions. Examples of these decisions are the
queries used to search the databases, and the selection of keywords and topics for eligibility. Thirdly,
related works identi�cation by snowballing was not employed due to the diverse structures of citation in
the electronic databases. Future research may examine the network resulting from citations or focus on
automatically identifying keywords based on objective criteria.
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Figures

Figure 1

Documents chosen from each electronic database after the sources' selection stages.
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Figure 2

The search query used on Scopus.

Figure 3

The search query used on Web of Science.
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Figure 4

Abstracts' unigrams frequency distribution.
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Figure 5

Abstracts' bigrams frequency distribution.

Figure 6

Tokens with low document discrimination capacity
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Figure 7

Abstracts' unigrams word cloud.

Figure 8

Abstracts' bigrams word cloud.
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Figure 9

A comparison between overlap and coherence for different numbers of topics.
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Figure 10

Word count and importance of keywords for each Topic.

Figure 11
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The number of publications per source and type.

Figure 12

Publications per year and country.


