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Purpose — This research aims to provide an overview of the current state of research
regarding the possible future use of Al in the legal domain and its impact.
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Method - This research follows the guidelines proposed by Kitchenham and Charters
(2007) for a systematic literature review.

Results — This study presents the current state of research on the use of artificial
intelligence in LegalTech. This research shows that Al applications in the legal domain
have existed for many years, but interest has grown sharply since around 2016. Across the
literature, Al is used in a wide range of legal areas, and most papers focus on a single
domain. A significant amount of research examines the justice systems. This study reveals
that two major Al technologies are dominating the legal domain, namely, machine
learning and natural language processing.

Conclusion — This review examines 91 studies and provides an overview of how Al is
currently used in the legal domain. Most studies focus on a single application domain.
The reported benefits of using Al include improved efficiency and accuracy, reduced costs,
and the ability to process large datasets without fatigue or human bias. However, the
review also identifies major challenges such as liability, privacy risks, system complexity,
and high implementation costs.

Recommendations — Al can be used to enhance the legal process and activities, but cannot
yet replace human expertise.

Research Implications — Results show that current research highly focuses on specific legal
domains, for example, lawyers, law firms, and judicial decision-making. Future studies can
be open to other areas like legal education and public sector legal services.

Practical Implications — The findings demonstrate that legal practitioners and law firms
can benefit by adopting Al to enhance efficiency, accuracy, and decision-making.

Keywords - artificial intelligence, LegalTech, machine learning, natural language
processing, literature review

INTRODUCTION

Al has experienced an exponential rise in recent years. In 2016, the commercial and
private use of Al was marginal; adaptation by organisations doubled between 2017 and
2022 (Chui et al., 2022). A breakout was achieved by introducing a publicly available
generative Al tool called “ChatGPT” in November 2022. This tool could chat with users
and generate text based on users’ text prompts (Deng, 2022; Milmo, 2023). Through this
tool, a massive interest in Al arose, and it gathered a user base of 100 million within two
months after launch (Milmo, 2023). One year later, McKinsey declared 2023 as the
breakout year of generative Al, based on the exponential growth of Al tools (Chui et al.,
2023). One-third of their respondents stated that their organisations use generative Al in
at least one business process (Chui et al., 2023).
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Discussions about Al adaptation in the legal industry increased significantly following
the exponential growth. Implementing Al in this sector is met with both enthusiasm for
its possibilities and a heightened awareness of the potential risks. The integration of Al,
while linked to an increased chance of data threats, leakage of company information
(Agrawal et al., 2022; Beebeejaun & Gunputh, 2023; Hilt, 2017), and elevated risk of
cyberattacks (Beebeejaun & Gunputh, 2023), also promises to make legal workers more
efficient (Alarie et al., 2018; Francia et al., 2022; Baser & Saini, 2023; Csanyi et al., 2022;
Gravett, 2020; Sil et al,, 2019; Kronblad et al., 2023; Thornton 2021; Vaciago 2019;
Soukupovd, 2021) and deepen and broaden their areas of expertise (Alarie et al., 2016;
Gravett, 2020).

While the usage of Al in the legal domain is considered to have much potential,
adoption is in its early stages, with only a few implementations made (Thomson Reuters
Institute, 2023). Ready-to-use Al solutions are still scarce (Zhang et al., 2020). This
research aims to provide an overview of the current state of research regarding the
possible future use of Al in the legal domain and its impact. In order to achieve this goal,
the study has formulated research questions. The primary research question is: “What is
the current state of research on the use of artificial intelligence in the field of LegalTech?”
A literature review has been conducted to gain a deep understanding of the current state
and the scope of research. With the literature review, current available knowledge is
summarised, with the aim of guiding future research in the use of Al in the legal domain.

This paper is structured as follows: The next section provides an overview of the
research design and methodology, detailing how the study was conducted. This section
also presents the research questions that guided this study. The following sections
present the results for each research question in dedicated sections. Finally, the paper
concludes with a discussion chapter summarising the findings and their implications.
implications.

RESEARCH DESIGN AND METHODOLOGY

The following section outlines the methodology used for our study. We conducted a
systematic literature review following the guidelines proposed by Kitchenham and
Charters (2007). We selected Kitchenham’s approach as it allows not only systematic
literature reviews but also reviews with broad-reach questions. And it is well-suited for
identifying the research gaps and providing a structured understanding of the field.

Initially, we presented our research questions, followed by our search strategy, which
includes details about the databases we searched, the search query used, and the criteria
for inclusion and exclusion. Finally, we discussed the procedure for the data extraction
process.
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Research Questions

This literature review aims to provide a thorough summary of the current state of
research on the use of artificial intelligence in LegalTech. To achieve the stated goal in the
introduction, the following five sub-questions have been formulated:

1. What is the current publication trend of research on the use of artificial

intelligence in the field of LegalTech?

In which legal domains is Al most widely adopted?

What are the primary applications of Al in LegalTech?

Which Al technologies are used in LegalTech applications?

What are the reported benefits, challenges, and limitations of Al adoption in
LegalTech?

Vi W N

Search Strategy

This section discusses the SLR’s search strategy. We selected Scopus as our digital
library, which includes publications from peer-reviewed journals and conference
proceedings. After determining the search query and criteria, we conducted additional
searches in other digital libraries, namely Web of Science, ScienceDirect, ACM, IEEE
Xplore, JSTOR, and Legal Intelligence. This extra search was executed to include peer-
reviewed literature that may not have been covered in Scopus.

Keywords & Search Query

The process of constructing the search string involved multiple iterations, with the
aim of creating a comprehensive string that excluded irrelevant results while including all
pertinent material.

The most common keywords used in research about using Al in the legal sector are
identified. The keyword “legaltech” is often used, defined by Salmerén-Manzano (2021,
page numbers) as the technology that supports activities undertaken by legal
professionals. Legaltech generally encompasses the application of technology to provide
legal services (Salmerén-Manzano 2021). In this paper, the definition of legaltech by
Salmerdn-Manzano (2021) is followed. Other variations of this keyword used in literature
to denote legaltech are legal technology and legal tech (as separate words) (Salmerdn-
Manzano 2021). Additionally, the keyword “lawtech” is frequently used. According to
Salmerdn-Manzano (2021), there is no clear distinction between these two terms in the
literature, but they noted a preference for using “legaltech” in the USA and “lawtech” in
the UK. To comprehensively search relevant literature on the topic, both “legaltech” and
“lawtech” will be used in our search queries.
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These terms of legal technology were combined with terms for Artificial Intelligence.
Both the fully written word artificial intelligence and the abbreviation " Al were used,
which led to the following initial search string:

(“legal tech*” OR “legaltech*” OR “law tech*” OR “lawtech*””) AND
(“artificial intelligence” OR ai)

After conducting some trial searches to refine the search query, it was observed that
combining the terms “legaltech” and “lawtech” with Al yielded limited results (Alarie et
al., 2018; Dale, 2019; Hunter, 2020; Surden, 2022). It was noted that many relevant papers
did not explicitly use “legaltech” or “legal technology” in their titles or abstracts. In some
cases, the concept of legaltech was mentioned but not the term itself (Alarie et al., 2018;
Dale, 2019; Hunter, 2020; Surden, 2022). These papers often used distinctive terms like
“legal profession” and “legal practice”. Therefore, these terms are added to the search

query.

It was also noted that Al-related technologies, like Machine Learning (ML) (Delgado et
al.,, 2022; Metsker et al., 2021) and Natural Language Processing (NLP) (Dale, 2019;
Moreno-Schneider et al., 2020; Nazarenko & Wyner, 2017), were used without explicitly
mentioning Al in the abstract, keywords, or title. Alongside Al, NLP and ML were added as
supplementary terms in the search query to cover these papers. These terms were used
in both their total and abbreviated forms. The final search string, which is used for data
extraction, is as follows:

(“legal tech*” OR “legaltech*” OR “law tech*” OR “lawtech*” OR ‘“legal
profession” OR “legal practise”) AND (“artificial intelligence” OR ai OR
“natural language processing” OR nlp OR “machine learning” OR ml)

Wildcard characters have been used in this search string. to make it easier to search
for particular subjects.

Inclusion Criteria

Inclusion criteria are defined to only take into account studies that are relevant to the
review’s objectives. The inclusion criteria are:
1. The paper is directly relevant to the scope of our review, focusing exclusively on the
application of artificial intelligence to enhance legal services.
The paper does discuss legal technology and artificial intelligence as its main topic.
The paper is published in a peer-reviewed journal or conference proceedings.
The paper is written in English.
The paper is available for download.

U, I NI VYR N

The inclusion criteria have been applied via automatic filtering options within the
various search engines. Then, all remaining literature is manually analysed to apply the
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first two inclusion criteria. The selection process only looks at a paper’s title, keywords,
and abstract, ignoring the remainder of its text.

Data Execution Process

This section provides a detailed overview of our process of gathering and excluding
studies. Figure 1 gives a detailed overview of our execution of the data extraction process.
The final study was carried out in October 2023. In the initial step, which was conducted
on Scopus and other libraries, 380 papers were found. Before, multiple rounds of testing
on Scopus were performed to identify the most effective search query and inclusion
criteria. This process allowed us to fine-tune search parameters to ensure the results
aligned with our expectations. Following this, we applied the inclusion criteria, excluding
38 non-English papers and 78 non-peer-reviewed papers, resulting in 264 papers.

Papers from various libraries were combined, duplicate papers were removed, and
any results without a full-text version available were removed. During this process, it was
discovered that four papers were not written entirely in English, so these papers were
also excluded, leaving a total of 148 papers. The remaining papers have been subject to a
qualitative content analysis. This analysis checked all titles, abstracts, and keywords to
see if the papers are directly relevant to the scope of the SLR and if their main topic
discusses LegalTech and Al. After this last selection, 91 papers were retained. Two
significant categories of papers have been excluded from further review, although they
were notably present in the subset of papers selected for the review. First, we excluded
papers that addressed the education of law students. Although these papers examined
how IT might change the way legal professionals practice, they were excluded from our
study because they were deemed not directly relevant. Papers examining the ethics of
using Al systems in legal practice have also been excluded. These papers do not offer any
new information regarding the use of artificial intelligence in legal technology.

- : Feer- Unigque ’
Initial English @ BavTa) P @ Available e Relevant

Figure 1. Data Execution Process

RESULTS

In this section, we present the results of the SLR. Each subsection focuses on
addressing one of the research questions.
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Current Publication Trend

This section explains the publication trend in research on artificial intelligence in
LegalTech. It answers the research question: “What is the current publication trend of
research on the use of artificial intelligence in the field of LegalTech?”

Figure 2 illustrates the distribution of papers according to their publication year. A
remarkable rise in publications can be identified beginning in 2016. This rise highlights a
growing interest in implementing artificial intelligence in the legal sector. Before 2016,
researchers did not often mention artificial intelligence in research on legal technology.
However, Figure 2 demonstrates a notable early interest in applying artificial intelligence
within the legal sector.

Early Publications

This paragraph discusses some early publications. Not all early publications have been
listed, but a selection has been made that was deemed interesting and relevant to the
review. Leith (1988) authored the oldest paper identified in this literature review.
Published in 1988, Leith (1988) wrote about the use of Al and computing within the legal
sector. Leith believed computers could achieve higher accuracy and replace human work
when legal tasks involved tracing consequences within laws. However, they noted there
was no solid proof that computers could detect contradictions in law in every case.

In 1992, Ashley (1992) discussed using Case-Based Reasoning (CBR) in the legal sector.
CBR employs methods for generalising cases to support indexing and relevance
assessment. It evidences two basic inference methods: constraining search by tracing a
solution from a past case or evaluating a case by comparing it to past cases. Artificial
intelligence is mentioned to automate this generalisation process. Ashley already pushed
in 1992 to actively pursue CBR research and development to solve problems efficiently
and improve legal document assembly programs and data retrieval systems.

Around 1999, knowledge management was rising due to electronic systems. Oskamp
et al. (1999) expected that the rise of knowledge management would have much to offer
to the legal sector and lead to new methods enabling lawyers to detect their need for
information and knowledge.

In 2002, Roberge et al. (2002) discussed the emergence of electronic databases and
raised important questions regarding access to previously inaccessible information,
foreseeing a transformative shift in legal practice. They anticipated that discovering,
packaging, and disseminating information would elevate standards within the legal sector.
The increased accessibility of information began to influence the established norms of the
profession. Before the rise of electronic databases, information was primarily gained
through experience, which was not uniformly accessible to all lawyers. Veteran attorneys
had to rely on their expertise within the legal system to craft case strategies. Cases that
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previously demanded expensive data collection and analysis would now become more
accessible.
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Figure 2. Number of publications per year
Publication Types

Remarkable is the higher number of journal articles compared to the number of
conference proceedings. Our collection of 91 papers is 55% to 45%, divided between
journal articles (50) and conference proceedings (41). The distribution is shown in Figure 3.
Conference proceedings contain research presented at academic conferences, while
journal articles contain peer-reviewed research published in academic journals.
Conference proceedings often offer more current insights that might be in the early
stages of development. At the same time, journal articles undergo extensive peer review,
resulting in longer, more detailed publications that take longer to publish but often
present more thoroughly validated research outcomes.

= Journal Articles

® Conference
Proceedings

Figure 3. Types of publications of research papers

The distribution and higher number of journal articles compared to conference
proceedings are remarkable. Given the recent rise in publications, more conference
proceedings are expected. However, the more significant number of journal articles
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suggests a deliberate focus on peer-reviewed knowledge within the field, indicating an
emphasis on prioritising research quality over speed of publication.

Research Classification

After analysing the papers’ full texts, we define two main categories. For all papers
with fundamental concepts and definitions, we will call them “descriptive papers”,
explaining possible benefits that may arise from the use of legal tech in the legal industry.
These articles elaborate on the potential advantages, risks, and benefits of artificial
intelligence for legal corporations. Furthermore, some papers explore the possibility of a
disruptive change in the legal industry caused by the rise of artificial intelligence,
estimating notable adaptations. This particular category of papers plays an essential part
in our research as it facilitates the identification of potential advantages, obstacles, and
constraints related to implementing artificial intelligence in the legal domain.

Papers in the second category are papers with a validation cycle, evaluations, or case
studies referred to as “non-descriptive” papers since they involve empirical investigations
to determine how well artificial intelligence can assist in legal processes. These papers
include developing and testing classifiers and conducting experiments to investigate the
integration of artificial intelligence into legal workflows empirically.

Legal Domains where Al is Adopted

This section aims to answer the research question: “In which legal domains is Al most
widely adopted?” All the papers have been analysed and classified into different legal
domains to address this question. Six different categories have been identified: Lawyers
& Law Firms, Justice & Court, Clients, Government & Lawmakers, and Law Enforcement.
Additionally, a general “not specified” category is used to categorise papers that do not
explicitly discuss a specific legal domain. The various domains and the corresponding
number of papers explicitly applicable to each domain are detailed in Figure 4, while the
exact studies per legal domain are shown in Table 8 in Appendix 1.

1

u Not specified

m Lawyers & Law Firms
lustice & Court

u Clients

= Government &

Lawmakers

Law enforcement

Figure 4. Presence of legal domains in research papers
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The tables reveal a significant representation of lawyers and law firms in papers
addressing Al in LegalTech. The majority of Al implementations and discussions are
concentrated within this legal domain. Apart from focusing on lawyers and law firms,
many papers address the legal world without specifying a particular legal domain. A
smaller but significant proportion of papers delve into the application of Al in the justice
and court sector. These papers suggest that Al could assist judges in their work or even
replace them through automated dispute resolution solutions. Some papers explore the
potential benefits of Al for clients, government, or law enforcement, although the
scientific community has not yet studied these domains extensively.

Primary Applications of Al in LegalTech

The legal industry is not immune to change due to Al (Alarie et al., 2016). Al might
replace many of what lawyers do, and Al systems may substitute a few tasks (Armour &
Sako, 2020). However, law is a complex domain (Oskamp & Lauritsen, 2002); the sector is
hesitant to adapt (Agrawal et al., 2022), and some legal tasks will remain beyond the
capabilities of Al for the foreseeable future (Armour & Sako, 2020). Possible applications
for which Al can be used in the foreseeable future are discussed in this section. We
outline several applications that are discussed in the literature. These applications are
identified and grouped into categories. With this categorisation, we aim to answer the
research question: “What are the primary applications of Al in LegalTech?”. Eight
categories have been identified: eDiscovery, Litigation & Prediction analysis, Legal search,
Document generation, Contract analysis, Due diligence reviews, and Dispute resolution.

Additionally, a general “Others” category is used to group all applications that have
not been explored in multiple publications. The various applications and the
corresponding number of papers discussing these applications are listed in Figure 5. The
exact studies per application are listed in Table 9 in Appendix 2. This section explains all
identified categories.

m eDiscovery

m Litigation &
Prediction analysis
Legal search

= Document
generation
= Contract analysis

Due diligence
reviews

m Dispute resolution

m Others

Figure 5. Number of Al applications in research papers
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eDiscovery

The volume of potentially relevant data in a large lawsuit has grown exponentially,
creating demand for tools that can help identify potentially relevant documents more
quickly and cheaply (Armour et al., 2022). Using Al, large amounts of data can be analysed
in @ much better way (Vardhan et al., 2021). It can process large amounts of data quickly
(Khabibullina et al., 2019). eDiscovery is used on large datasets. Al can automate this
process in a fast manner (Baser & Saini, 2023). It reduces what may take months of
laborious screening to days, if not in some cases even hours (Burt, 2021). The technology
helps legal professionals to manage, classify, categorise and relate documents more
smartly (Baser & Saini, 2023). One example of a legal Al eDiscovery system given in
literature uses Human Aided Computer Cognition, which uses a combination of user
modelling and document assessment and measurement to calculate relevance and a
mechanism for iteration (Hogan et al., 2009). The resulting system exhibits exceptional
performance, exceeding full manual search and traditional Computer-Aided Human
Cognition (Hogan et al., 2009).

Litigation & Prediction Analysis

With litigation and prediction analysis, the outcome of litigation and court cases can
be predicted. Machine learning algorithms have been used to predict legal case outcomes
by finding patterns in similar cases (Baser & Saini, 2023; Sivaranjani et al., 2019). This
technology can be used by lawyers to adequately plan their litigation strategies and
expedite settlement negotiations (Baser & Saini, 2023). Some tests in this field have
already obtained an accuracy rate of 60 to 80 per cent (Francia et al., 2022; Scherer, 2019;
Sivaranjani et al., 2019). However, there are some concerns about the explainability of
how these models make decisions and the potentially biased data used to train such
models (Francia et al., 2022). The technology aims not only to stop at the prediction of
litigation outcomes but also to predict lawyers’ chances of winning cases (Sivaranjani et
al., 2019).

McKeown et al. (2020) proposed using an intelligent decision support system to
automate legal judgment processes, in which Al is used to provide legal professionals
with the knowledge and support they need to carry out their jobs (McKeown et al., 2020).
This study aimed to design and develop an intelligent legal system that streamlines the
current legal process. A case study was performed with the designed system, which
“provided an abundance of knowledge and understanding of the subject matter, Al and
Law” (McKeown et al., 2020, p.32).

The most recent literature on Machine Learning- and Deep Learning-based techniques
for rule decision prediction used in predicting judicial decisions has been reviewed in a

publication by Francia et al. (2022). They concluded that the application of artificial
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intelligence techniques in the legal domain, especially in predicting judicial decisions, has
been increasing in recent years. When applying the techniques for prediction, Francia
found that these techniques in different legal domains reach an accuracy of 60% (Francia
etal., 2022).

Legal search

Dale (2019, p. 212) defines legal search as “the process of finding information that is
needed to support legal decision-making”. In practice, this generally means searching
through both statute (as created by the legislature) and case law (as developed by the
courts) to find what is relevant for some specific matter at hand.” Al can be used to utilise
search tools. These tools assist lawyers in gaining insights from a large number of legal
documents (Baser & Saini, 2023).

Many papers describing legal search also describe eDiscovery, as can be noted from
Table 9 in Appendix 2. Both implementations have many similarities, as both applications
are used for searching for information. However, these two applications are different.
Legal search is used to search for information in public databases and paid information
resources. eDiscovery is used to search through local sources for evidence in litigation. An
example of these sources is company emails.

According to Burt (2021), Al is used to return more meaningful and insightful results.
Machine learning algorithms learn from users’ search strategies to show more effective
solutions to search queries (Armour et al., 2022). The algorithms can be used to analyse
search results, highlight words according to relevance, and identify links between cases
(Armour et al., 2022). Using Al for search purposes means that Al can focus on the
mechanical aspects of lawyering so that lawyers can spend more time with clients (Hilt

2017).
Document generation

Document generation, also called document automation or document assembly in the
literature, is the creation of legal documents tailored to specific criteria (Dale, 2019;
Lauritsen, 1992). Where in legaltech Al is used for contract analysis, does this application
go further to fully generate documents, mostly with minimal human input? Document
generation can be achieved by using template mechanisms or question-and-answer
dialogue, such as a chatbot (Dale, 2019).

There are multiple reasons to automate document creation. These document
generators can save costs, increase lawyers’ efficiency, open up access to law and justice,
and make legal services more accessible and affordable (Armour and Sako 2020;
Soukupova 2021).
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The literature debates whether Al can completely replicate lawyers’ tasks by drafting
documents. Armour (2020) argues that lawyers’ tasks should be automated, not jobs. It is
not necessary to replicate what lawyers do, as long as what lawyers deliver can be done
more cheaply.

Ivaschenko et al. (2023) present a software solution for text understanding and
generation of normative legal documents. His solution is based on ontologies. They
proved that Al can generate new standard regulatory legal documents (Ivaschenko et al.,
2023).

Contract analysis

An everyday activity for lawyers is to review contracts, make comments and changes,
and advise their clients on whether to sign or negotiate for better terms (Dale, 2019). Al-
based solutions for reviewing contracts provide great help to legal workers in doing
routine tasks of reviewing and highlighting documents so that they can concentrate on
more complex and highly valuable tasks (Baser & Saini, 2023). Al tools can identify
important information in contracts for particular analysis and monitoring, such as
termination dates, choice of law provisions, and clauses that have high value in complex
undertakings (Burt, 2021).

Large amounts of data can be analysed in a much better manner (Vardhan et al., 2021).
Lawyers would manually review large numbers of documents in short time frames, which
could lead to error-prone decisions (Donnelly & Roegiest, 2020). Al systems would reduce
the time spent on each file by 90%, according to Zhang et al. (2020). However, for
contract analysis, it is impossible to trust Al completely to solve these legal issues
(Khabibullina et al., 2019). Lawyers remain necessary, but their expertise helps interpret
results from Al support systems and interface these with human clients (Armour and
Sako 2020).

Due diligence reviews

Due diligence is the process of uncovering background information for legal
practitioners (Baser & Saini, 2023). These reviews are often performed for corporate
transactions for mergers and acquisitions (Burt, 2021). It is a specific overall process that
includes aspects of earlier discussed applications, legal research, electronic discovery, and
contract review (Sivaranjani et al., 2019), which are used to highlight and classify essential
clauses (Chandra et al., 2020).

Due diligence reviews are essential for lawyers to advise clients on their actions
(Sivaranjani et al., 2019). Traditionally, these reviews were time-consuming, with lawyers
manually reviewing large numbers of documents in short time frames, leading to
potential errors (Donnelly & Roegiest, 2020). However, the introduction of Al-powered
tools has significantly sped up this process, enhancing its efficiency and reducing the risk
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of mistakes (Baser & Saini, 2023). Al helps in finding important parts in contracts, legal
cases, or government investigations that could have significant financial consequences.
Human reviews may sometimes miss these crucial provisions, which could lead to
substantial financial risks (Burt 2021).

Dispute resolution

Many disputes never reach court due to perceived barriers preventing citizens from
pursuing legal action (Vladimirovich & Sergeevich, 2022). Online or alternative dispute
resolution could help alleviate the workload of judges. Online dispute resolution, a
growing legal technology endorsed and adopted by courts for alternative dispute
resolution (ADR) through online negotiation, mediation, or arbitration, is also benefiting
from Al development (Gingras & Morrison, 2021). Participants in such systems may
benefit from shorter decision-making deadlines, reduced fees, and access to a higher
standard of decision-makers, contributing to a more efficient and accessible dispute
resolution process (Livson et al., 2021; Vladimirovich & Sergeevich, 2022).

Automated dispute resolution is hoped to improve the equality of legal decisions. It is
believed that computers are less biased than humans, improving equality by law, as
computers are usually not deliberately trained to discriminate based on colour or gender
(da Luz Scherf et al., 2019; Delacroix, 2018). However, humans have a greater emotional
and situational awareness, while electronic systems do not have empathy with humans in
vulnerable cases like the loss of a job (Delacroix 2018). The complete automation of the
legal proceedings process, even in the case of its potential technological feasibility, is said
to be inopportune today (Miroshnichenko & Proscurina, 2021). Having automated judges
and lawyers is unlikely, but the possibility is not unreal (Sil et al., 2019).

Other

Applications of artificial intelligence within legaltech that haven’t been extensively
explored by multiple authors are categorised as “Other”. This category includes diverse
applications such as dynamic allocation of legal cases to legal staff (Armour et al., 2022),
the development of a lawyer bot (Armour & Sako, 2020; Xu et al., 2022), preparing
invoices for clients, predicting the time duration of a case (Armour and Sako 2020), digital
judging (D’Rosario, 2017), electronic filing of lawsuits (McKeown et al., 2020), criminal
intent detection (Metsker et al., 2019), analysing the genuinely of expert testimony
(Armour and Sako 2020), tasks that an attorney must personally handle (Mok et al., 2021),
legal data analysis support (Munthuli et al., 2023), intelligent forms that apply the law
(Munthuli et al., 2023), recommendations to customers (Munthuli et al., 2023), evaluating
specific situations like divorce (Munthuli et al., 2023), work product retrieval (Niman &
William, 2013), deception analysis (Barnett & Treleaven, 2018) and legal analytics (Shelar &
Mobharir, 2018).
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Commonly Used Al Technologies

This section answers the question: “Which Al technologies are commonly used in
LegalTech applications?” To answer this question, all sample papers are analysed to
identify the technologies used. After that, all identified technologies are categorised into
different categories. As mentioned in Section 3.1, all papers have been categorised into
two main categories: “descriptive” and ‘“non-descriptive”. Descriptive papers explain
possible benefits that may arise from the use of legaltech in the legal industry. These
articles elaborate on the potential advantages, risks, and benefits of artificial intelligence
for legal corporations. Furthermore, some papers explore the possibility of a disruptive
change in the legal industry caused by the rise of artificial intelligence, estimating notable
adaptations. Non-descriptive papers involve empirical investigations to determine how
well artificial intelligence can assist legal processes. These papers include developing and
testing classifiers and conducting experiments to investigate the integration of artificial
intelligence into legal workflows empirically.

Al is a vast field with many branches. The papers identified two categories of Al fields
overrepresented in adoption or discussion: machine learning (ML) and natural language
processing (NLP). While machine learning can sometimes be used to complete NLP tasks,
the technologies are discussed separately in this review.

Machine Learning (ML)

Machine learning explores the study and construction of algorithms. These algorithms
can learn from and make predictions on data (Kohavi & Provost, 1998). The algorithms
are distinguished from each other by how they learn to find patterns and produce an
outcome that is desired by the user. There is no universal algorithm for detecting valuable
patterns. The choice of algorithms depends on the specific problem the developer is
solving and the available data (Mahesh, 2020). The most widely adopted machine
learning methods are supervised learning and unsupervised learning, while reinforcement
learning is sometimes used (Ongsulee, 2017).

Supervised Learning

Supervised learning is an algorithm that trains the model based on a labelled dataset.
The input is associated with the corresponding output or target. Experts manually label a
subset of the learning data, and the algorithm tries to predict the most probable output
for the unlabelled data. Supervised learning is often used for classification and regression.
The supervised machine learning algorithms and the studies that used these algorithms
can be found in Table 1.

For example, Metsker et al. (2019) compared the application of supervised machine
learning methods to analyse judgment open data. They compared Support Vector

Machines (SVM), Logistic Regression (LR), Decision Trees (DT), Random Forest (RF), K-
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Nearest Neighbours (KNN), Naive Bayes (NB) and Gradient Boosting (GB), of which Naive
Bayes performed the best with 93% ROC coverage. Keeling et al. (2019) compared a
Convolutional Neural Network (CNN) with SVM, LR and RF on text classification in legal
document reviews with documents of varying lengths, with no algorithm that performed
best on all used datasets. Csanyi et al. (2022) built a multi-label classifier to classify legal
documents by their subject to find similar legal cases. They evaluated five different
algorithms: SVM, NB, LR, KNN and RF, with SVM performing best.

Unsupervised learning

Unsupervised learning is an algorithm that will train the model based on an unlabelled
dataset. The model must discover patterns and structures in data without explicit
guidance. Therefore, unsupervised learning is often less effective than supervised
learning. Unsupervised learning is often used for clustering data and association. The
unsupervised machine learning algorithms and the studies that used these algorithms can
be found in Table 2.

Kuleshov et al. (2020) developed an unsupervised machine learning algorithm based
on Latent Dirichlet Allocation (LDA) and Latent Semantic Indexing (LSI) to validate legal
documents in their texts, including checking for the presence of mandatory structural
elements. Vianna and Moura (2022) explored three different topic modelling approaches
to organise and summarise complex legal documents, including the unsupervised
machine learning approach CombinedTM (CTM).

Reinforced Learning

Reinforced learning is an algorithm involving an agent that learns to make decisions
by interacting with an environment. The model learns when users are interacting with the
model. Due to this interaction, agents receive feedback through rewards or penalties.
Reinforcement learning is often used for game-playing Al and robotics. Examples of
reinforcement learning algorithms include AlphaZero and Q-learning. Reinforcement
learning algorithms have not been found in the selected studies.

Deep Learning

Deep learning is a sub-branch of machine learning. A deep learning algorithm involves
training a neural network with multiple hidden layers (Ongsulee 2017). A deep learning
algorithm “learns” gradually to understand and make decisions independently. It aims to
mimic the way a human brain processes. It learns from information by using
interconnected layers of nodes, called neurons or units, to identify patterns and features
within complex datasets (Chowdhary 2020). Deep neural networks have been
demonstrated to outperform other machine learning algorithms (Krizhevsky et al., 2012).
They are often applied to fields like computer vision, automatic speech recognition, and
natural language processing (Ongsulee 2017).
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Table 1. Supervised machine learning algorithms present in research papers

Supervised Descriptive papers Non-Descriptive papers
algorithm
Support Vector de Siles (2021); Francia et |Al-Qurishi et al. (2022); Chalkidis et al.
Machines (SVM) al. (2022); Sivaranjani et |(2022); Csényi et al. (2022); Humphreys et
al. (2019) al. (2020); Keeling et al. (2019); Metsker
et al. (2019); Munthuli et al. (2023); Orosz
et al. (2022)
Logistic Regression |de Siles (2021); Francia et [Csanyi et al. (2022); Keeling et al. (2019);
(LR) al. (2022); Sivaranjani et |Metsker et al. (2019)
al. (2019)

Decision Trees (DT) |de Siles (2021); Francia et |[Keeling et al. (2019); Metsker et al. (2019)
al. (2022); Sivaranjani et
al. (2019)

Random Forest (RF) |de Siles (2021); Francia et |Csanyi et al. (2022); Keeling et al. (2019);
al. (2022); Sivaranjani et |Metsker et al. (2019)

al. (2019)
K-Nearest de Siles (2021); Francia et [Csdnyi et al. (2022); Metsker et al. (2019)
Neighbours (KNN) fl. (2022); Sivaranjani et

al. (2019)

Naive Bayes (NB) de Siles (2021); Francia et Braun et al. (2019); Callister (2020); Csanyi
al. (2022); Sivaranjani et |et al. (2022); Metsker et al. (2019); Waltl

al. (2019) et al. (2017)
Gradient Boosting  [Francia et al. (2022) Metsker et al. (2019)
(GB)
Conditional Random Leitner et al. (2019); Moreno-Schneider et
Fields (CRF) al. (2020)
General Armour et al. (2021, Hogan et al. (2009); latrou (2022)
2022); Delgado et al.
(2022); Hunter 2020
Other de Siles (2021); Francia et

al. (2022)

The deep learning algorithms and the studies that used these algorithms can be found
in Table 3. For example, Pande and Alam (2020) used deep learning algorithms like
Recurrent Neural Network (RNN), Convolutional Neural Network (CNN) and Capsule
Neural Network (CapsNet) models to analyse the semantics of employment-related
judicial cases. With this semantic analysis, they tried to use these algorithms to predict
the outcome of judicial cases. Jayasinghe et al. (2022) developed domain-specific auxiliary
models to predict the winning party of legal cases based on a Recurrent Neural Network
(RNN) using document encoders consisting of a single layer of either a Gated Recurrent
Unit (GRU) or a Long Short-Term Memory (LSTM). Wang et al. (2019) developed a
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Chinese legal system for consultation, law searching, and document analysis. They used a
bidirectional LSTM architecture to obtain a fine-grained candidate set to use in their
model.

Table 2. Unsupervised machine learning algorithms present in research papers

Unsupervised algorithm Descriptive papers Non-Descriptive papers

k-means de Siles (2021)

Latent Dirichlet Allocation Francia et al. (2022);Kuleshov et al. (2020); Pande

(LDA) Silva et al. (2022) and Alam (2020)

Latent Semantic Indexing Kuleshov et al. (2020)

(LSI)

Correlated Topic Model (CTM) Vianna & Moura (2022)

Global Vectors for Word Francia et al. (2022)

Representation (GloVe)

Other de Siles (2021)

Table 3. Deep learning algorithms present in research papers
Deep Learning algorithm Descriptive papers Non-Descriptive papers
Artificial Neural Network Francia et al. (2022) D’Rosario (2017)
(ANN)
Convolutional Neural Network Francia et al. (2022); SilvaKeeling et al. (2019); Pande and
(CNN) et al. (2022) Alam (2020); Vardhan et al. (2021)
Recurrent Neural Network  |Francia et al. (2022) Jayasinghe et al. (2022); Pande
(RNN) and Alam (2020); Wang et al.
(2019)
Capsule Networks (CapsNet) Pande and Alam (2020)
Gated Recurrent Unit (GRU) |Francia et al. (2022) Jayasinghe et al. (2022)
Multilayer Perceptron (MLP) [Francia et al. (2022) Vardhan et al. (2021)
Long Short-Term Memory Francia et al. (2022); SilvaJayasinghe et al. (2022)
(LSTM) et al. (2022)
Bidirectional Long Short-Term|Francia et al. (2022) Leitner et al. (2019); Moreno
Memory (BiLSTM) Schneider et al. (2020); Wang et
al. (2019)
Markov Logic Network (MLN) [Francia et al., 2022
General Gravett (2020); Rhim andDonnelly and Roegiest (2020)
Park (2019); Sivaranjani
et al. (2019)

Natural Language Processing (NLP)
Natural Language Processing (NLP) is a branch of artificial intelligence that focuses on

enabling computers to understand, interpret, and generate human language (Chowdhary,
2020). As society becomes increasingly digitised, many documents are written in natural
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language. These documents’ sheer volume makes it progressively challenging for humans
to extract relevant knowledge from them, particularly within specified time constraints
(Chowdhary, 2020). The aim of automating NLP is to efficiently and accurately handle
automatic analysis and representation of human languages (Chowdhary, 2020).

Language Models

A language model forms the basis of many NLP applications. These models provide
the ability to process, understand, and generate human language. Through these models,
programs can be designed to interact with humans in a way they understand. Language
models are used to understand the context and semantics of human text, but can also be
used to predict or generate text. In the last few years, using LLMs has boosted the
development of Natural Language Processing (NLP) (Delobelle et al.,, 2020). These
models are created using transformer technologies. Pre-trained language models are
effective in improving many NLP tasks, including sentence-level tasks, paraphrasing, and
token-level tasks (Delobelle et al., 2020). Different families of Large Language Models
have been identified in the reviewed literature, which can be found in Table 4.

Table 4. Families of large language models identified in the literature

Technique Descriptive papers Non-Descriptive papers
BERT Francia et al. (2022);Al-Qurishi et al. (2022); Chalkidis et al.
Silva et al. (2022) (2020, 2022); Darji et al. (2023);

Jayasinghe et al. (2022); Munthuli et al.
(2023); Vianna and Moura (2022);
Wang et al. (2019); Zhao et al. (2021)

GPT Chalkidis et al. (2022)
Transformer encoder Jayasinghe et al. (2022)
YARGY Ivaschenko et al. (2023)

One of the most prominent pre-trained language models used in the legal domain is
BERT. BERT is designed ‘“to pre-train deep bidirectional representations from unlabelled
text by jointly conditioning on both left and right context in all layers” (Devlin et al., 2018,
p. 1). BERT can be fine-tuned for use in NLP in the legal sector. Chalkidis et al. (2020) saw
that BERT achieved impressive performance in several NLP tasks. When using BERT,
people can choose and use pre-trained models that are publicly available.

However, Chalkidis et al. (2020) state that BERT has been reported to be
underperforming in specific domains, including the legal domain. According to Al-Qurishi
et al. (2022), BERT has much potential for use in a narrow and specific domain, such as
legal. Vocabulary in some fields significantly deviates from the natural language used for
everyday purposes. Text written for legal or everyday purposes can differ significantly
between formal formulations and text semantics. Some authors even describe the
linguistic content used for legal matters as almost a language of its own (Al-Qurishi et al.,
2022). Domain-specific adjustments in the training process could resolve this issue.
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Table 5. Types of BERT identified in the literature

Technique Descriptive papers Non-Descriptive papers
BERT Francia et al. (2022); Silva et/Al-Qurishi et al. (2022); Chalkidis et al.
al. (2022) (2020, 2022); Darji et al. (2023);

Jayasinghe et al. (2022); Munthuli et al.
(2023); Vianna and Moura (2022); Wang
et al. (2019); Zhao et al. (2021)

Aralegal-BERT Al-Qurishi et al. (2022)

AraBERTv2-Large Al-Qurishi et al. (2022)

ARBERT Al-Qurishi et al. (2022)

BART Chalkidis et al. (2022)

BERTopic Vianna and Moura (2022)

BERTimbau Vianna and Moura (2022)

BERTikal Vianna and Moura (2022)

BigBird Chalkidis et al. (2022)

BiMPM Wang et al. (2019)

CamemBERT Francia et al. (2022)

CaseLaw-BERT Chalkidis et al. (2022)

DeBERTa Chalkidis et al. (2022)

DistilBERT Jayasinghe et al. (2022)

FlauBERT Francia et al. (2022)

ftBERT Francia et al. (2022)

LegalBERT Francia et al. (2022) Chalkidis et al. (2020, 2022)

LegalBERT-SMALL Chalkidis et al. (2020)

Longformer Chalkidis et al. (2022)

mMBERT Al-Qurishi et al. (2022)

MiniLM Darji et al. (2023)

00BERT Francia et al. (2022)

RoBERT Francia et al. (2022)

RoBERTa Chalkidis et al. (2022); Darji et al. (2023)

XLM-RoBERTa Munthuli et al. (2023)

Sentence-BERT Jayasinghe et al. (2022)

BERT has been mentioned in the literature as the technology for implementing NLP in
the legal domain. All usage of BERT and creation of models that are adjustments to other
BERT models are listed in Table 5. Chalkidis et al. (2020) evaluated different strategies
when applying BERT to the legal domain. They found that further pre-training BERT or
pre-training BERT from scratch on specific corpora performs better than using BERT out
of the box for domain-specific tasks (Chalkidis et al., 2020). They also found that smaller
BERT-based models can compete with larger, computationally heavier ones in specialised

domains.
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One language where a monolingual BERT model was successfully fitted to the legal
domain is Arabic. Al-Qurishi et al. (2022) introduced AralLegalBERT, in which BERT was
trained from scratch to utilise the potential of BERT for a narrow and specific domain. The
model is fine-tuned and evaluated against three generic-linguistic Arabic BERT models in
three natural language understanding tasks.

From the research of Al-Qurishi et al. (2022), we can conclude that their developed
model achieved better accuracy than the original over legal text. When trained with
domain-relevant examples, a base version of AralegalBERT could reach comparable
accuracy levels to larger versions of the general and original BERT model. Therefore, Al-
Qurishi concluded that lighter, smaller domain-specific models could match the output of
computationally more demanding models while reaching findings faster and expending
far fewer resources (Al-Qurishi et al., 2022).

Another language model, Generative Pre-trained Transformers (GPT), is a well-known
type of language model. It is often used for generative Al and was developed by OpenAl
in 2018. GPT is based on the transformer architecture and is pre-trained on large data sets
of unlabelled text using artificial neural networks (ANN). OpenAl’s most recent
foundation model, GPT-4, was released on March 14, 2023.

Named Entity Recognition

One NLP technique is Named Entity Recognition (NER). NER is a technology that
identifies named entities in a body of text, most often including an assignment to a set of
semantic categories, such as person, location, or organisation (Leitner et al., 2019). NER is
a technique frequently used or mentioned in research on legaltech. Descriptive NER
studies are presented in the works of Francia et al. (2022) and Silva et al. (2022) only. In
contrast, non-descriptive contributions are presented by Al-Qurishi et al. (2022), Darji et al.
(2023), Donnelly and Roegiest (2020), Ivaschenko et al. (2023), Leitner et al. (2019),
Moreno-Schneider et al. (2020), and Vardhan et al. (2021).

Despite NER’s development for languages and domains other than English and the
legal domain, the legal domain has not been exhaustively addressed yet (Leitner et al.,
2019). NER produces somewhat generalised results. For example, all persons,
organisations, or dates in the text can be returned, but if you want to isolate a specific
person, organisation, or date, then you need to apply additional logic (Ivaschenko et al.,
2023).

Benefits, Challenges, and Limitations of Al Adoption in LegalTech
This section mainly answers research question 5: “What are the reported benefits,

challenges, and limitations of Al adoptions in legaltech?”, and discusses the most important
observations of the overall literature review.
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As seen from the research on the topic and the rise in papers in the last year, as
shown in Figure 2, Al is an exciting opportunity or threat. Research question 5 reflects this
issue. Many of the listed benefits and limitations have implications for law firms in the
legal domain. In the section “Legal Domain where Al is adopted”, it is already shown that
a significant part of all reviewed papers is set in the context of law firms. When
identifying listed benefits and limitations in the use of Al in the legal domain, many papers
mention law firms and lawyers when listing these characteristics.

Benefits

Al can be used to complement the work of lawyers. Al is expected not to replace
workers but only to assist them (Agrawal et al., 2022; Gravett, 2020; Hilt, 2017). The
existing literature highlights multiple benefits associated with Al integration in legaltech.
Foremost, the most mentioned benefit is the substantial improvement in efficiency
(Alarie et al., 2018; Baser and Saini, 2023; Csanyi et al., 2022; Francia et al., 2022; Gravett,
2020; Kronblad et al., 2023; Sil et al., 2019; Soukupov3, 2021; Thornton, 2021; Vaciago,
2019). Alongside this, the literature underlines several general benefits, including
improved accuracy (Agrawal et al., 2022; Csanyi et al., 2022; Francia et al., 2022; Thornton,
2021), reduced costs (Agrawal et al., 2022; Francia et al., 2022; Gingras and Morrison, 2021;
Gravett, 2020; Zhang et al., 2020), time-saving (Zhang et al., 2020), increased revenue
(Baser and Saini, 2023; Gingras and Morrison, 2021; Gravett, 2020), and improved quality
of work (Kronblad et al., 2023; Sil et al., 2019). Al has the potential to reduce the disparity
between large and small law firms.

According to Alarie et al. (2018), smaller firms can now take on tasks that were
previously reserved for larger firms, as Al reduces the reliance on extensive labour power,
which traditionally only large firms could afford. This technological shift enables smaller
firms to operate with a similar level of efficiency and capability as their larger
counterparts (Gravett, 2020). Also, the need for lawyers to work exclusively in large law
firms may diminish (Alarie et al., 2018). An aspect of Al that helps increase work efficiency
is that, contrary to humans, computers are not subject to certain human factors or
weaknesses (da Luz Scherf et al., 2019). They can work around the clock without sleep or
caffeine (Gravett, 2020). Computers do not have poor health or get fatigued (Khabibullina
et al., 2019).

Besides, Al can help analyse large volumes of data more effectively (Vardhan et al.,
2021). Computers can process large amounts of data and information in a short time
(Khabibullina et al., 2019). Al systems would reduce the time spent on each file by 90%,
but some minutes of human validation for every analysed document are still needed
(Zhang et al.,, 2020). Another positive characteristic of using Al algorithms, when
compared to human work, is the absence of bias. While humans are naturally somewhat
biased, computers are less biased than humans (Delacroix, 2018). The fundamental aim is
that Al algorithms cannot be biased based on colour, gender, or other visible
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characteristics and can make everyone truly equal (da Luz Scherf et al., 2019; de Siles,
2021), unless they are intentionally or unintentionally specifically trained otherwise.

A possible effect of using Al in the legal sector is the opportunity to change the work
that lawyers can perform. Due to increased efficiency, lawyers can perform additional
work for existing clients or perhaps help more clients (Alarie et al., 2018). Lawyers may be
able to broaden rather than narrow their areas of specialisation (Alarie et al., 2018;
Gravett, 2020). Al also minimises the routine component of a lawyer’s work, allowing
them to concentrate on finding non-standard solutions within their specialisation
(Miroshnichenko & Proscurina, 2021). Therefore, by using Al, law firms will have
opportunities, for instance, to introduce new products, services, and business models,
become active in new legal areas, and position themselves differently in the market
(Kronblad et al., 2023; Soukupova, 2021).

Challenges & Limitations

One of the most commonly cited challenges in implementing Al within the legal sector
concerns liability and the potential risk of privacy infringements (Chandra et al., 2020).
Law firms face difficulties complying with existing regulations when exploring new digital
opportunities (Kronblad et al., 2023). Adopting new technologies requires the
development of new legal regulations. As previously mentioned, the EU has announced a
new digital package, which, in part, still needs to be put in place (Vladimirovich and
Sergeevich, 2022). Additionally, firms are worried about the potential leakage of sensitive
information (Agrawal et al., 2022; Hilt, 2017). The integration of Al is often linked to an
increased chance of data threats, leakage of important company information, and
mismanagement of essential information (Agrawal et al., 2022; Beebeejaun and Gunputh,
2023). Moreover, using Al is frequently linked to an elevated risk of cyberattacks
(Beebeejaun and Gunputh, 2023).

The current capabilities of Al cause some challenges. According to multiple
researchers, current Al algorithms cannot replace human judgment entirely (Alarie et al.,
2016, 2018; Gravett, 2020). Lawyers must assess clients’ sentiments, motivations, and
reactions in real time, ensuring effective communication and determining whether
additional questions or advice are necessary (Armour et al., 2021). Besides, humans have
greater emotional and situational awareness (Delacroix, 2018). Al can only aid lawyers in
executing routine tasks, such as drafting basic contracts, seeking court precedents,
analysing information, and filing court documents (Khabibullina et al., 2019).

Another limitation of Al is its complexity. Often termed a “Black Box”, Al algorithms’
decision-making processes are challenging for most people to understand (Soukupova
2021; Zhang et al., 2020). This lack of transparency makes it difficult for lawyers to entirely
trust Al for solving legal issues (Khabibullina et al., 2019). Moreover, this complexity has
led to unrealistic expectations about what Al can achieve and its capabilities, creating
impossible beliefs about its potential (Soukupova 2021).
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When making an IT system for a legal firm, it must be noted that law is a complex
domain (Oskamp and Lauritsen, 2002). Additionally, legal documents often include
sensitive personal data that require additional care and precautions to comply with the
GDPR (Council of the European Union, 2016). Ready-to-use and trustworthy Al solutions
are still scarce and must be developed (Zhang et al., 2020). To build valuable applications
for the legal sector that appeal to lawyers, insight into what lawyers do and want is
necessary (Oskamp & Lauritsen, 2002). Training Al algorithms, especially when existing
data is labelled manually, generally requires human professional expertise, which is costly
(Armour et al., 2021). Besides, some of the stability and structure of the law are
transferred to data scientists and developers (Callister, 2020).

Money can also be a significant limitation regarding the cost of implementing and
maintaining an Al system, and how money is earned in a law firm. When implementing an
Al system, the design and training require significant investments (Alarie et al., 2018; Hilt,
2017). Due to the high implementation costs and the fact that Al systems need a
sufficiently large and relevant dataset, not all Al systems will be cost-effective in all cases
where they may be technically feasible (Armour et al., 2021). When looking at the way of
earning within law firms, they tend to operate based on billable hours (Dale, 2019; Gravett,
2020). Some researchers suggest that this principle is about to change. They believe that
computers will reduce the workload for law firm employees (Gravett, 2020).

Research has also shown that the way law firms are structured sometimes also forms
a limitation for adopting Al systems. Law firms tend to be structured through employee
ownership (partners). This structure complicates the fundraising for innovative projects
(Armour et al., 2022; Armour & Sako, 2020). Besides, it is currently shown that exploration
of the possible use of Al is often encouraged by the individual motivation of partners
instead of their structural reward systems (Kronblad et al., 2023). Heavy investments are
hard to justify, especially when they require a possible change in the way of working,
which can be met with certain reservations (Oskamp & Lauritsen, 2002). Because of these
reasons, large projects like the implementation of Al are often postponed (Oskamp and
Lauritsen 2002).

DISCUSSION

This review is organised into five distinct categories, corresponding to the predefined
research sub-questions: publication trends, legal domains, Al applications, Al
technologies and benefits, challenges, & limitations. The key observations are
summarised and structured according to this categorisation.

Publication Trend

Tracing the historical development of Al in LegalTech, the first paper on this topic was
published in 1988. From then until 2016, occasional publications marked the field’s early
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stages. However, a significant surge in interest and research can be observed from 2016
onwards, indicating a growing interest in Al in LegalTech. The collection of research
papers (91) is almost evenly split between articles published in journals (50) and
conference proceedings (41), reflecting a trend towards peer-reviewed research in this
relatively new field. A classification system has been applied, categorising papers as
descriptive or non-descriptive.

When examining the publication trend, it becomes clear that papers addressing the
application of Al in the legal domain have been available for a considerable time.
However, a substantial rise was detected around 2016. Since then, many papers have
been released about the topic, indicating a significant interest in Al within the legal
domain, with a considerable volume of scientific research already conducted.
Furthermore, it is noteworthy that a substantial portion of this research undergoes
rigorous peer review, indicating a commitment to thoroughly investigating this topic.

Legal Domains

The review examined in which legal domains Al is most widely adopted. While many
papers offer a general perspective on the legal field without specifying a particular area
of expertise, most papers focus on a single legal domain, concentrating on lawyers and
law firms. Another noteworthy category includes papers discussing the field of justice,
where the focus is on the augmentation or replacement of judgment and dispute
resolution within the court system. Additionally, some papers explore how Al can support
clients, government & lawmakers, and law enforcement.

It is interesting to see that many papers are focusing on the domain of lawyers and
law firms. This observation leads to the conclusion that current research efforts by
scientists are mainly concentrated on developing and implementing Al solutions within
this specific legal field.

Al Applications

Several applications of Al within LegalTech have been identified. Of all the papers, the
most discussed application is eDiscovery, in which Al categorises documents as relevant
or irrelevant. Litigation & Prediction analysis is often mentioned as a promising
application to predict the outcome of litigation and court decisions. Legal search involves
the analysis of legal documents by Al in large databases to get better results and more of
what the searchers are looking for. Document generation uses Al to create documents,
while contract analysis encompasses examining contracts and identifying crucial
information that may need additions, alterations, or deletions within the contractual
framework.
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Additionally, specific applications are occasionally referenced in the papers. One such
application is due diligence reviews, employed for examining a wide array of corporate
documents, particularly for assessment in the context of acquisitions or mergers.
Predictive billing is another application used to optimise the allocation of fee earners and
provide informed estimates of the costs associated with legal services. Moreover, the
potential for dispute resolution through E-justice is acknowledged, where online, digital,
or alternative dispute resolution mechanisms are leveraged to automate and optimise
decision-making procedures. This section concludes that specific fields within Al
applications are interesting for further research. The identification of promising
applications suggests some opportunities for future investigation. This insight provides
developers and researchers with diverse, prospective options and underscores the high
potential for future work in Al applications.

Al Technologies

All papers have been analysed to identify Al technologies used, leading to the
identification of two prominently discussed and adopted categories: machine learning
and natural language processing. When looking at machine learning, supervised machine
learning techniques are primarily represented. Also, in the field of machine learning with
LegalTech, deep learning is a widespread technique. A clear trend emerges in natural
language processing, with the BERT language model standing out as the most extensively
employed model. BERT manifests in various iterations tailored to specific purposes within
the LegalTech domain.

Threats to Validity

This research has some limitations. Firstly, the review process is conducted by a single
researcher, involving the manual review of all papers without external validation. The
selection procedure, including the judgment-based selection of papers, was also manually
reviewed without external validation. Additionally, paper selection is primarily based on
titles and keywords, potentially introducing biases in the inclusion criteria. Lastly, there
was no subsequent search for additional papers after the initial selection procedure, and
any mentioned papers not included in the sample during the initial phase were not added.

CONCLUSION

This literature review provides a structural understanding of the current state of
research on Al utilisation in LegalTech. The review has resulted in a qualitative
investigation of 91 selected papers about the use of Al in LegalTech. This study answered
the primary research question: “What is the current state of research on the use of artificial
intelligence in the field of LegalTech?” with five different perspectives. This research shows
a growing interest in the use of Al in LegalTech. The findings of this research can serve as
a foundational source for future investigations into the use of Al within the legal domain.
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Many benefits, challenges, and limitations are mentioned and discussed in the
reviewed papers. The most important are mentioned in the corresponding sector. We see
multiple benefits for the use of Al in legal technology. Al can complement the work of
lawyers and is considered a potential substantial improvement in efficiency. Alongside
improving efficiency, Al could benefit from improved accuracy, reduced costs, time
savings, increased revenue, and improved quality of work.

Furthermore, Al can decrease the gap between large and small law firms. Moreover, a
notable benefit of Al algorithms is that, unlike humans, they do not experience fatigue,
health issues, or fluctuations in productivity. Besides, Al can help analyse large volumes of
data much better. Al algorithms cannot be biased by colour, gender, or other visible
characteristics. A possible effect of using Al in the legal sector is the opportunity to
change the work that lawyers can perform, allowing lawyers to broaden or further
specialise their work. There are also some challenges and limitations to consider when
discussing the use of Al within legal technology. One of the most commonly cited
challenges in implementing Al within the legal sector is liability and the potential risk of
privacy infringement.

Besides the challenges connected to privacy, litigation, and risk, additional challenges
and limitations must be considered. Firstly, Al is considered very complex, making it
challenging for most people to understand its functioning. Additionally, the field of law is
very complex, making it difficult for IT specialists to develop Al programs for this specific
sector. The cost of implementing and maintaining an Al system and how money is earned
in a law firm are also considered limitations. The use of billable hours and the partner
structure that most law firms have further add to these limitations. Moreover, the current

capabilities of Al mean that lawyers cannot be replaced, so human input and validation
are still required.
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Appendix 1 Table with Papers on Legal Domain

Table 8. Legal domains in research papers

Legal Domain

Papers

Not specified

Lawyers & Law
firms

Justice & Court

Clients

Al-Qurishi et al. (2022), Ashley (1992), Chalkidis et al. (2020), Chalkidis et
al. (2022), Chen et al. (2023), Csanyi et al. (2022), de Siles (2021),
Delacroix (2018), Delgado et al. (2022), Francia et al. (2022), Hogan et
al. (2009), latrou (2022), lvaschenko et al. (2023), Keeling et al. (2019),
Khabibullina et al. (2019), Leenes (2001), Leith (1988), Leitner et al.
(2019), Mania (2023), Miroshnichenko and Proscurina (2021), Moreno-
Schneider et al. (2020), Nazarenko and Wyner (2017), Ogurlu et al.
(2022), Oskamp and Lauritsen (2002), Oskamp et al. (1999), Robaldo et
al. (2024), Sil et al. (2019), Sivaranjani et al. (2019), Thornton (2021),
Vaciago (2019), Vianna and Moura (2022), Wang et al. (2019), Yang et al.
(2021), Zhao et al. (2021)

Agrawal et al. (2022), Alarie et al. (2016), Alarie et al. (2018), Armour et
al. (2021), Armour et al. (2022), Armour and Sako (2020), Ayodele et al.
(2020), Baser and Saini (2023), Beebeejaun and Gunputh (2023), Burt
(2021), Callister (2020), da Luz Scherf et al. (2019), Dale (2019), Darji et
al. (2023), Delgado et al. (2022), Donnelly and Roegiest (2020),
D’Rosario (2017), Gingras and Morrison (2021), Gordon et al. (2022),
Gravett (2020), Hilt (2017), Hunter (2020), Jayasinghe et al. (2022),
Kronblad et al. (2023), Kuleshov et al. (2020), Livson et al. (2021),
McKeown et al. (2020), MclLachlan et al. (2023), Mok et al. (2021),
Nissan (2017), Orosz et al. (2022), Pande and Alam (2020), Rhim and
Park (2019), Roberge et al. (2002), Scherer (2019), Shelar and Moharir
(2018), Soukupova (2021), Sun et al. (2020), Vardhan et al. (2021), Waltl
et al. (2017), Xu et al. (2022), Zhang et al. (2020)

Agrawal et al. (2022), Barnett and Treleaven (2018), Chandra et al.
(2020), da Luz Scherf et al. (2019), Gowder (2018), Hilhorst and Engers
(2009), Livson et al. (2021), Mok et al. (2021), Moreno-Schneider et al.
(2020), Nissan (2017), Sanctis (2021), Silva et al. (2022), Soukupova
(2021), Sun et al. (2020), Vladimirovich and Sergeevich (2022)

Barnett and Treleaven (2018), Braun et al. (2019), Gowder (2018),
Lauritsen (1992), Munthuli et al. (2023), Sun et al. (2020)

Government & Law Agrawal et al. (2022), Livson et al. (2021), Metsker et al. (2021), Metsker

makers
Others

et al. (2019), Porto (2023), Surden (2022)
Nissan (2017)
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Table 9. Al applications in research papers
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et al. (2020); Chen et al. (2023); Csényi et al. (2022); da Luz Scherf et al.
(2019); Dale (2019); Gravett (2020); Hilt (2017); Humphreys et al. (2020);
Khabibullina et al. (2019); Nazarenko and Wyner (2017); Ogurlu et al. (2022);
Orosz et al. (2022); Oskamp and Lauritsen (2002); Sil et al. (2019); Soukupova
(2021); Sun et al. (2020); Vardhan et al. (2021); Wang et al. (2019); Zhang et al.
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Alarie et al. (2016); Alarie et al. (2018); Baser and Saini (2023); Beebeejaun
and Gunputh (2023); Callister (2020); Chandra et al. (2020); Dale (2019);
Gingras and Morrison (2021); Hilhorst and Engers (2009); Hogan et al. (2009);
Ivaschenko et al. (2023); Khabibullina et al. (2019); Kuleshov et al. (2020);
Lauritsen (1992); Moreno-Schneider et al. (2020); Nazarenko and Wyner
(2017); Oskamp and Lauritsen (2002); Sanctis (2021); Sil et al. (2019);
Sivaranjani et al. (2019); Soukupova (2021); Sun et al. (2020)
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Contract Agrawal et al. (2022); Armour et al. (2021), Armour et al. (2022); Armour and

analysis Sako (2020); Baser and Saini (2023); Beebeejaun and Gunputh (2023); Burt
(2021); Chandra et al. (2020); Dale (2019); Gingras and Morrison (2021);
Gravett (2020); Hunter (2020); Khabibullina et al. (2019); Miroshnichenko and
Proscurina (2021); Ogurlu et al. (2022)

Due diligenceArmour et al. (2021); Armour et al. (2022); Armour and Sako (2020); Baser and

reviews Saini (2023); Burt (2021); Chandra et al. (2020); Donnelly and Roegiest (2020);
Sivaranjani et al. (2019); Soukupovd (2021)
Dispute Armour et al. (2021); Armour et al. (2022); Delacroix (2018); Munthuli et al.

resolution  (2023); Orosz et al. (2022); Vladimirovich and Sergeevich (2022)
Not specified de Siles (2021); latrou (2022); Leith (1988); Porto (2023); Surden (2022)

Others Armour et al. (2022); Armour and Sako (2020); Ashley (1992); Barnett and
Treleaven (2018); Beebeejaun and Gunputh (2023); D’Rosario (2017); Hunter
(2020); Leenes (2001); McKeown et al. (2020); Metsker et al. (2021); Metsker
et al. (2019); Mok et al. (2021); Munthuli et al. (2023); Niman and William
(2013); Nissan (2017); Rhim and Park (2019); Shelar and Moharir (2018); Xu et
al. (2022)
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