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Abstract

Preventive Legal Technology (PLT) is a new field of Artificial Intelligence (Al) investigating the intelligent prevention of
disputes. The concept integrates the theories of preventive law and legal technology. Our goal is to give ethics a place in the
new technology. By explaining the decisions of PLT, we aim to achieve a higher degree of trustworthiness because explicit
explanations are expected to improve the level of transparency and accountability. Trustworthiness is an urgent topic in
the discussion on doing Al research ethically and accounting for the regulations. For this purpose, we examine the limita-
tions of rule-based explainability for PLT. Hence, our Problem Statement reads: fo what extent is it possible to develop an
explainable and trustworthy Preventive Legal Technology? After an insightful literature review, we focus on case studies
with applications. The results describe (1) the effectivity of PLT and (2) its responsibility. The discussion is challenging
and multivariate, investigating deeply the relevance of PLT for LegalTech applications in light of the development of the
AI Act (currently still in its final phase of process) and the work of the High-Level Expert Group (HLEG) on Al On the
ethical side, explaining Al decisions for small PLT domains is clearly possible, with direct effects on trustworthiness due to
increased transparency and accountability.

Keywords Artificial intelligence - Explainability - Trustworthiness - LegalTech - Logocratic method - Preventive/proactive
law

1 Introduction

The connection between law and technology is instrumental.
Laws regulate the design and application of technologies,
and technologies influence the design and application of
laws. To what extent is it possible to bring the two disci-
plines together? It is an interesting question, and the answer
lies in the development of Artificial Intelligence (AI).

Al research has matured from investigating the structure
of the domain and the need for heuristics with the help of
increasingly intelligent technologies, such as Expert Systems
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(ES), Machine Learning (ML), Deep Learning (DL) and
today, Large Language Models (LLMs). First, scientists
(such as John von Neumann [1]) were concerned with trust-
ing the fixed values of Al systems (intuitive acceptance).
Gradually, they focussed on explaining the search directions
(science). Today, we ask machines to explain their decisions
for humans to be able to frust their line of reasoning (ethics).
As a consequence, we expect machines to exhibit human-
like intelligence. In hard science, we focus on trustworthi-
ness, and we use explainability. In law, we focus on explain-
ability and search for trustworthiness.

Considering the importance of explainability, law appli-
cations have become an exciting playground for experiment-
ing with explanations and machine intelligence. Al and law
have followed this trajectory since 1949, when Loevinger
introduced Jurimetrics, i.e., using quantitative methods to
analyse legal decisions [2]. In 1987, the first reasoner for
explaining the reasoning supporting judicial decisions was
created [3]. In 1991, Leiden University saw a remarkable
Inaugural Address [4], in which the question “Can comput-
ers Judge Court cases?” was answered positively. Then, in
1996, Susskind predicted the shift from reactive facilities in
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the law (such as deciding on the resolution of a dispute) to
proactive facilities (such as deciding on the prevention of
a dispute) [5]. This line of research will dominate the next
thirty years. Our research, therefore, follows the trajectory
of connecting Al with proactive facilities in the law via the
field of Preventive Law.

1.1 The origins of preventive legal technology

Aristotle Onassis, a Greek entrepreneur, was one of the most
successful shipping tycoons of the Twentieth Century [6].!
Onassis (1900-1975) used Preventive Law to secure him-
self and his business from financial losses. The following
narrative demonstrates how he accomplished this when his
opponents planned to cause his business in Peru to suffer
severe financial losses. The opponents were some shipping
businessmen and a few law enforcers from the FBI and CIA
(in the narrative provided below, they are called ‘we’).?

We knew that Onassis’s fleet had the habit of fishing in
illegal waters of Peru. Consequently, we planned with the
Peruvian Government to seize his fleet. The Government
sent ships and an aircraft, which bombed the waters around
the factory ship. They strafed the ship with machine gun
fire, forcing the boat back into the harbour with the captures.
The Peruvians were very nasty about it, gave a huge fine and
said they needed three million dollars to let Onassis’s fleet
go again. We believed we had killed the monster the night
that this happened. Much to our amazement, we saw and
learned that he had anticipated the whole thing by booking
for disasters at Lloyd’s of London. So, all in all, we watched
him make a profit. He got 15 million dollars in insurance
money and three thousand each day that he was out of the
whaling operation. Thus, he made an enormous amount of
money and was laughing all the way to the bank.

The narrative leads us to the origin of Preventive Law.
The first author (G. Stathis) became aware of the concept
through Onassis’s lawyer, Tryfon Koutalidis® [8]. Kouta-
lidis often provided short legal memoranda to Onassis or

! To avoid all confusion with names and also to make them more
familiar, we mention the first name of a person at the first occurrence
together with the family name, when we believe it is supportive for
the understanding of the text.

2 Robert Mayhew, former FBI agent, CIA consultant and expert
investigator acting on behalf of Onassis’s opposition, and Dr. Ray
Gambell, Secretary of International Whaling Commission, produced
for the BBC, (1994), Aristotle Onassis’ The Golden Greek’, BBC
Documentaries, min. 36:14 (for readability reasons, we slightly para-
phrased the oral text).

3 Most of the applications of Preventive Law concerning Onassis’s
business were to prevent financial risks. For this reason, and because
Onassis educated him on applying Preventive Law, Mr Tryfon Kouta-
lidis claims with a smile that he graduated from the ‘Onassian Uni-
versity of Financial Contracts’.
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others working for him. Onassis would call for gym time
when there were no pressing issues. During gym time, the
businessman, lawyer, and other directors of his business
examined hypothetical scenarios to secure themselves from
potential risks that could arise. In this process, Preventive
Law developed into a practice where legal risks were dis-
cussed and secured. Reading about Onassis may, therefore,
stimulate an interesting research direction, viz. the best way
to resolve any problem is to prevent it from happening. It is
a straightforward and still challenging idea, and it motivated
many researchers to investigate the power of Preventive Law.

Since its inception, Preventive Law has kept its use and
applications the same; they did not seem to notice the advent
of computer technology. Then, the disciplines of Law, Com-
puter Science, Data Science, and Artificial Intelligence (AI)
came together. Soon the world was facing the dawn of legal
technologies and the arrival of Intelligent Contracts (iCon-
tracts), the latter being a successor of digital and smart con-
tracts.* iContracts shows how it is possible to automate a
contract based on risk and communication data, enabling
the application of Preventive Law on contracts with the use
of technology [7]. Of course, the application of Preventive
Law is not restricted to contracts only. The remainder of
this article aims to pave the way to the conceptualisation
of Preventive Legal Technology (PLT) and its applications.
We will investigate how PLT can show a line of reasoning in
an explainable and trustworthy manner, in compliance with
Explainable AI (XAI) and Trustworthy AI (TAI) principles.

1.2 Towards ethical and preventive legal
technology

Central to the discussion of Al is the topic of trustworthi-
ness [9]. Lack of trustworthiness is a genuine concern for
the ethical impact and unintended consequences of new Al
technologies for society [10]. The European Union (EU)
Guidelines call for lawful, ethical and robust AI°. Here, we
note explicitly that despite the various blind spots for the
ethics of AI [11], one of the main challenges of Al is that its
decisions so far are not transparent, resulting in “black box”
decisions [12]. Below, we briefly introduce XAI and TAIL
A literature review expands on the concepts in Sects. 2.4.1
and 2.4.2.

XAl is the field of study investigating the explanation of
Al system decisions [13]. XAl is assumed to lead to TAI,

# One can find examples in the advanced courses for the Ministry of
Justice and Security, the Public Prosecution and others: see Leiden
Legal Technologies Program (LLTP), Leiden Centre of Data Science
and The Centre for Professional Learning (LCDS and CPL), 2021

3 https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-
trustworthy-ai.


https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai
https://digital-strategy.ec.europa.eu/en/library/ethics-guidelines-trustworthy-ai

Al and Ethics (2025) 5:1069-1086

1071

aiming to increase society’s trust due to higher transpar-
ency and accountability [14]. The concepts of transparency
and accountability are vital in making AI more ethical,
which is a central topic in the developing research on Al
regulation according to the High-Level Expert Group on Al
(HLEG) [15]. Researchers have noticed a general discon-
nection between levels of actual trust and trustworthiness
of applied AI [16]. In order to nurture practical trustworthi-
ness, researchers changed their focus to transparency and
accountability [14]. They started contributing to properly
formulating measurable goals for the practical improvement
of Al systems with direct implications on ethics. Meanwhile,
other researchers were investigating AI’s ethical and legal
effects and were contributing to the development of the Al
Act [17]. In the Netherlands, Maurits Kop is leading a group
of researchers investigating how the development of Legally
TAI (LTAI) by design is able to achieve a higher ethical
transparency and accountability [18].

The idea is that more profound insight into XAl and TAI
will enable us to examine PLT from two different perspec-
tives: (1) the effectivity of PLT (application of PLT in law)
and (2) the responsibility of PLT (application of the law on
PLT). Examining the effectivity of PLT helps determine to
what extent PLT is a distinct field of technology. Due to the
reliance of PLT on Proactive Data, PLT can be considered
a special type of Artificial Intelligence (AID). It is a type of
Predictive Al (probabilistic future event forecasting based on
historical data) rather than Generative Al (new data creation
in text or image).® Provided PLT constitutes such a distinct
field, its responsible implementation in society emerges as
a topic for research in light of Al regulation.

Our motivation is to clarify how Automated Individual
Decision-Making (AIDM) can become compliant under
Article 22 GDPR [19]. AIDM is the process of deciding by
automated means without any human involvement. The basis
of such decisions is on factual data, as well as on digital pro-
files or inferred data.” If AIDM includes explanations, then
Al systems will be more trustworthy due to higher transpar-
ency and accountability. AIDM is particularly relevant for
the EU’s Al Act, which provides the right to consumers to
launch complaints and receive meaningful explanations® (see
also [20]). As a result, organisations will be able to design
AIDM that is ethical and legally preventive, which is ben-
eficial for society because it reduces the appearance of legal
problems and increases legal safety. Hence, we focus on

5 https://www.blueprism.com/resources/blog/generative-ai-vs-predi
ctive-ai/.

7 https://ico.org.uk/for-organisations/uk-gdpr-guidance-and-resou
rces/individual-rights/automated-decision-making-and-profiling/
what-is-automated-individual-decision-making-and-profiling/id2.

8 https://www.europarl.europa.eu/news/en/press-room/202312061IP
R15699/artificial-intelligence-act-deal-on-comprehensive-rules-for-
trustworthy-ai.

the intelligent prevention of disputes in an explainable and
(legally) trustworthy manner, in practical compliance with
the ethical principles of transparency and accountability.

The preceding leads us to the following Problem State-
ment (PS):

To what extent is it possible to develop an explainable
and trustworthy Preventive Legal Technology?

To answer the PS, we have partitioned it into three smaller
Research Questions (RQs).

o RQ1: what is Preventive Legal Technology?

o RQ2: ro what extent is it possible to develop an explain-
able Preventive Legal Technology?

e RQ3: r0 what extent is it possible to develop a trustwor-
thy Preventive Legal Technology?

Before addressing the RQs, we would like to introduce
our contribution. We aim to show (1) that Proactive Data,
the primary PLT data, are identifiable in all categories of
LegalTech, (2) how to develop explainable Proactive Data
with practical case studies, and (3) the legal and ethical
implications of PLT in light of the AI Act and Predictive Al
To answer the PS, we structured the paper as follows. In
Sect. 2, we describe the literature. Section 3 presents our
three methodologies: fieldwork, case studies and applica-
tions. Then, Sect. 4 describes the investigations and states
the results. Section 5 discusses those results and focusses
on trustworthiness and ethical parameters. Finally, Sect. 6
answers the PS and the three RQs and provides our conclu-
sion; then Sect. 7 provides further research suggestions.

2 Literature review

When a legal problem occurs, both (or all) parties subject
to a legal agreement may experience costs, e.g., owing to
psychological pressure, legal and financial support, reputa-
tion damage, or loss of time. The allocation of costs will
always affect one or sometimes both (or all) parties of the
legal agreement, depending on the legal problem and how
or when the parties can solve it. Let us start to remark that at
least one party will incur (1) the procedural costs connected
with the legal problem and potentially (2) the liability costs
from the hazardous event that triggered the legal problem.
Legal costs are frequently quite significant and primarily
appear as dispute resolution costs,” even in the world’s most

° Usually, dispute resolution costs are a percentage of the liabil-
ity costs. The best available research estimates that liability costs as
a fraction of the Gross Domestic Product (GDP) are equal to 2.3%
in the USA (429 Billion Dollars [US Chamber Institute for Legal
Reform, (2018), Costs and Compensation of the US Tort System,
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advanced jurisdictions [21]. For this reason, commentators
opine that we need new ways to resolve and avoid disputes
[22]. A primary reason why legal costs are so high is that
the structure of legal systems invites dispute resolution and
not dispute prevention [23]. All in all, legal costs give rise
to a need for preventive law.

2.1 List of definitions

As assistance to the reader we provide a list of nine defi-
nitions, so that the content is clear and the precise mean-
ing of the concepts is easy to consult. Definitions are in
bold, concepts in italics and descriptions in normal letter
type. For clarity in reading we will repeat the definitions
when necesary.

Definition 1 Preventive Law is a method that minimises
the likelihood of the occurrence of disputes, or in case they
occur, it exploits their impact, and strengthens legal rights
and duties (derived from [24]).

Definition 2 Preventive Legal Technology is a methodology
concerned with the use of legal technology within the con-
text of preventive law to promote the intelligent prevention
of disputes (derived from [5, 24].

Definition 3 Legal Risk Management is the management of
risk (effect of uncertainty on objectives) related to legal,
regulatory and contractual matters, and ranging from no
rights to non-contractual rights to obligations [25].

Definition 4 Artificial Intelligence refers to systems designed
by humans that, given a complex goal, act in the physical or
digital world by perceiving their environment, interpreting
the collected structured or unstructured data, reasoning on
the knowledge derived from this data, and deciding the best
action(s) to take (according to pre-defined parameters) to
achieve the given goal [15].

Definition 5 An Intelligent Contract (or iContract) is a con-
tract that is fully executable without human intervention [26,
36].

Footnote 9 (continued)

instituteforlegalreform.com, p. 1] in 2016) and 0.63% (Best avail-
able number derived from US Chamber Institute for Legal Reform,
(2013), International Comparisons of Litigation Costs, instituteforle-
galreform.com, p. 2) in Eurozone (85.8 Billion Dollars [Calculated
0.63% of 2011 Eurozone GDP 13.6 Trillion Dollars as recorded at
countryeconomy.com, (2011), Euro Zone GDP - Gross Domestic
Product] in 2011). An economic analysis looking beyond GDP to
socio-economic consequences is even more relevant to highlight dis-
pute resolution costs with higher accuracy.

@ Springer

Definition 6 Trustworthy AI (TAI) is Al that has three com-
ponents: (1) it should be lawful, ensuring compliance with
all applicable laws and regulations; (2) it should be ethical,
demonstrating respect for, and ensure adherence to, ethical
principles and values, and (3) it should be robust, both from
a technical and social perspective, since, even with good
intentions, Al systems can cause unintentional harm [15].

Definition 7 Explainable AI (XAl) is a set of processes and
methods that allows human users to comprehend and trust
the results and output created by machine learning algo-
rithms [28]."

Definition 8 Interpretable Machine Learning (IML) is a
system that is possible to learn its working principles and
outcomes in human-understandable language without affect-
ing the validity of the system [29, 30].

Definition 9 Proactive Data are (1) Proactive Controls,
which play an important role as soon as we have arrived at
the identification of (2) a Hazardous Event and have pro-
duced an analysis of (3) a Cause within the context of the
terminology of the Bow-Tie Method and aim to prevent a
contract from incurring legal risks [31].

2.2 Preventive law

Louis M. Brown was the first to mention the concept in aca-
demic circles via his book Preventive Law in 1950 [24]. Up
to 1997, Preventive Law (see Definition 1) was understood
as a branch of law that endeavours to minimise the risk of
litigation or to secure more certainty regarding legal rights
and duties [32, 33]. During that period, researchers took into
consideration the proactive parameters and the reinforcing
parameters (i.e., the strengthening of legal rights and duties)
of preventive law [24]. However, they only focussed on the
avoidance of litigation (i.e., avoiding a trial is held in public
courts) and not on other forms of dispute resolution, such
as Alternative Dispute Resolution (ADR) (mediation and
arbitration) and negotiations [27]. It is important to note that
a dispute resolution procedure begins once there is a dispute
(see Definition 1).

After its start in 1950, Preventive Law (see Sect.1.1) gave
rise to two primary schools of thought. They are Therapeu-
tic Jurisprudence [34] (started in 1987) and Proactive Law
(started in 1998) [35, 36], which are concerned with the
health of legal subjects and proactive contracting, respec-
tively. Soon, however, the emphasis was on Proactive Law,
established in 1998 by the academic and legal consultant
Helena Haapio. Around 2010, the research by Haapio and

10" https://www.ibm.com/topics/explainable-ai.
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Barton started to converge, leading to the creation of Pre-
ventive/Proactive Law (PPL). Recently, PPL has been con-
cerned with the visualisation of legal information and the
effects of technology on PPL [37, 38]. Meanwhile, we saw
around 2000 that risk management was growing as a field
of study and practice; consequently, Legal Risk Manage-
ment (LRM) emerged [39] (see Definition 3). By 2010, the
academics Tobias Mahler and Jon Bing established the con-
nection between LRM and Proactive Law [40].

Even if a good, willing person attempts to apply preven-
tive law to prevent legal problems, there is always a high
likelihood for legal problems to further developing instead of
diminishing. Hence, Brown introduced the first elementary
framework for preventing legal problems [24]. Dauer later
added a schematic approach to Brown’s observations by stat-
ing that prevention can be applied at three intervals to man-
age legal risk, i.e., before, during, and after damage occurs
[32]. Dauer’s systematic analysis resulted in a matrix, which
Barton called Dauer’s matrix [23]. Barton then refined it
considerably [41, 42].

Currently, most literature focusses on the mindset and
application of Preventive Law. The authors do so in various
domains, one of which is iContracts [7] (see Definition 5).
Indeed, there are exceptions that only partially help people
prevent legal problems. Some of them come from the fields
of Proactive Law [43] and Legal Risk Management [44] (see
Definition 3). Obviously, there is a need to clarify the rea-
sons behind the lack of substantive methods or approaches
to prevent legal problems.

2.3 Preventive law and legal technology

Richard Susskind was the first to emphasise the relation
between preventive law and technology. In his 1996 book,
The Future of Law, he predicted that with technology, our
approach to legal problems would switch from problem-
solving to problem prevention through proactive processes
supporting LRM [5]. He believed that our legal system is
subject to the paradox of reactive legal services, where tech-
nology will support proactive practices (see Definition 9).
In 2016, Barton reinforced that notion by stating that the
emerging technological culture is mainly compatible with
the assumptions underlying PPL [45]. In the same year, Bar-
ton and Haapio proposed a re-design of the legal system,
which reconsiders the relationship between law and society,
in order to guide a law reform in a technology-based soci-
ety [46]. They were also questioning and investigating the
effects of new technologies for PPL and Legal Design [37,
38].

The relationship between fechnology and the law is mul-
tifaceted and dynamic [47]. Practically, there are two ways
in which technology improves the efficiency of the law. The
first occurs when a scientific development applies to law;

this approach is called Computational Legal Studies (CLS)
[47]. The second is when the changing of market condi-
tions leads to the further development of technology that
improves the delivery of legal services; this approach is
called LegalTech [48]. Sometimes, the two approaches are
also combined [49].

Whether new technologies do or do not apply in the law,
they usually create the need to develop new regulations;
for the development and enforcement of new regulations,
social, ethical and legal aspects are considered by regula-
tors. In essence, the design of regulation depends on the
content of the technology, which may apply in various fields.
Some people refer to such regulation as CyberLaw, which
may affect various legal areas, e.g., freedom of expression,
privacy, and cyber security [47]. However, in itself, Cyber-
Law solely concerns information technology or technology
related to networks and the internet [50]. In its foundational
sense, technology refers to techniques that improve the exe-
cution of an existing task. Therefore, more widely, we may
refer to the regulation of technologies by the law as the field
of law and technology.

The primary purpose in developing technology applica-
tions (including CLS and LegalTech) is effectivity. Nev-
ertheless, concerning technology regulation (including
CyberLaw), we may note that a higher-ranked purpose is
responsibility. In order to describe the perspective of both
purposes in this article, we use the term legal technology.
Today, legal technology’s purpose (and challenge) is to bal-
ance effectivity and responsibility. We see that if the law
is too responsible, technology is not sufficiently effective,
while if technology is too compelling, the law is not suf-
ficiently responsible. Balancing between the two ends is
already hard, and it becomes even more complicated as new
technologies introduce new and increasingly complex chal-
lenges in the law [51]. The literature shows that preventive
law and legal technology are on their way from being con-
nected to substantially entangled (see Definition 2).

2.4 Ethics and artificial intelligence

Many ideas about modelling intelligent behaviour started in
ancestry and were further developed throughout history.'!
Nevertheless, most researchers attribute the starting point
of Al (see Definition 4) to Alan Turing in 1950 [52]. Since
then, two main AI movements emerged: the scientific one
and the futuristic one [53]. The scientific Al movement sup-
ports the idea that formal reasoning is the basis of Al and

' See Greek Mythology (Talos, Pygmalion), Jewish Folklore
(Golem), Paracelsus’s Of the Nature of Things, Wolfgang von Kem-
pelen’s The Turk, Roger Bacon’s brazen head, Mary Shelley’s Frank-
enstein, Karel Capek’s R.U.R., Samuel Butler’s Darwin among the
Machines, Aristotle’s Organon and Francis Bacon’s Organon.
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is investigating whether intelligence can become artificial.
The futuristic Al movement believes that intelligence will
become artificial and will influence public opinion to accept
that. While this dichotomy is still vivid, the state-of-the-art
of Al is not yet able to prove how intelligence is program-
mable. Researchers support that Al today assists humans
with ingenuity, contributing to intelligence, not intuition
[53]. However, many researchers are investigating how to
model intuition [54]. Here, we remark that despite the state-
of-the-art observations, society is mainly influenced by the
futuristic Al movement, expecting the replacement of carbon
intelligence by silicon intelligence. Indeed, at this moment,
the latter perspective may undervalue linguistic complexity,
which is the basis of human intuition'? [55, 56]. In logic,
ingenuity is modelled by deduction or induction; and intui-
tion via abduction [57, 58]. Admittedly, humans still do not
know how to model abduction computationally [53]. The
developments of Al follow, to a large extent, the develop-
ments in logic with modelling intelligence.

2.4.1 Explainable artificial intelligence

The modelling of deduction occurs via Expert Systems (ES)
and induction via ML (and DL or LLMs), but Al so far has
not modelled abduction [53]. The fundamental elements for
ES and ML are “normal” data [59]. With this knowledge, we
are ready for the next step: Expainable Al (XAI) (see Defini-
tion 7). XAl follows a similar path as modelling deduction
and induction. The focus of most XAI models is on explain-
ing the decisions of inductive models and those of deductive
models to a lesser extent due to the often reduced decision-
making complexity [13, 60].

The reliance of Al on human reasoning affects Al by the
similar challenges it faces. Two of those challenges are the
explainability problem and the interpretation problem [61].
The first one explains decisions. The second explains how
people interpret the world.

The XAI methods and techniques that have been devel-
oped in research so far span from rule-based explanations
and attention mechanisms [62] to visual explanations [63],
Interpretable ML (IML) models [64] (see Definition 8), and
ethical variations [65] to the FAIR (Findable, Accessible,
Interoperable, Reusable) model development [66]. One of
the developing XAI techniques is rule-based explanations,
which focus on symbolic reasoning and knowledge graph
representation for developing human-readable model expla-
nations (see Sect. 4) [67, 68]. The most advanced method
in literature to represent explanations, applicable also to
Al system decisions, is the Logocratic Method (LM) [69],

12 https://medium.com/the-sophist/wittgenstein-intelligence-is-never-
artificial-51933315d1bd.
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which explains the nature of arguments [70] (to be discussed
in Sect. 7).

2.4.2 Trustworthy artificial intelligence

Addressing the seven challenges (precisely defined by the
HLEG [15]) is a priority for Trustworthy Artificial Intel-
ligence (TAI) (see Definition 6). Here, as part of the TAI
movement, the field of responsible governance, with an eye
on transparency and accountability, has been developed. The
TALI field investigates how to develop standards and pro-
cesses to make Al safe (or at least safer). The discussion
about TAI and the relevant responsible governance standards
is currently in development. The urgency for clarifying their
content comes from the observed tendency in society for the
development of AI applications.!® One of the social chal-
lenges of Al concerns the liability issues arising from their
operation. Liability examines who is to blame if something
goes wrong [71]. Fundamentally, it investigates who is at
fault. Based on the concept of fault, several liability regimes
have been selected, particularly for Al. The two largest cat-
egories are fault-based liability and non-fault-based liabil-
ity. Researchers are investigating which regime or combi-
nation of regimes is appropriate for Al liability [72]. Here,
we remark in passing that we consider liability measures in
parallel with safety measures [73]. Usually, we see that with
the introduction of new technologies, liability regimes adjust
to correspond to the latest needs [74].

TAI concerns (1) the trustworthiness of the Al system and
(2) the trustworthiness of all processes and actors that are
part of the system’s life cycle [15]. That is quite substantial.
For interested readers, we refer to the broad and deep analy-
sis of trustworthiness, by which variable principles, from
reliability and accuracy to sustainability and democracy,
are included [75]. Such principles may guide the ethical and
legally trustworthy design of Al systems via the rule of law
by focussing on properties including transparency, verifi-
ability and explainability [76].

Considering the difficulty of explaining or interpreting
the decisions of Al systems, regulators are concerned about
assigning liability to Al system decisions. Due to (a) the
direct effect of Al on Law and (b) the liability of law con-
cerns, some researchers argue that TAI is insufficient, but
Legally Trustworthy AI (LTAI) is more important [77]. The
same holds for PLT, which is seen as an Al technology.

13 European Parliament, (2017), Civil Law Rules on Robotics, Euro-
pean Parliament Resolution of February 07 with recommendations to
the Commission on Civil Law Rules on Robotics (2015/2103(INL)),
European Parliament.


https://medium.com/the-sophist/wittgenstein-intelligence-is-never-artificial-51933315d1bd
https://medium.com/the-sophist/wittgenstein-intelligence-is-never-artificial-51933315d1bd

Al and Ethics (2025) 5:1069-1086

1075

2.4.3 Regulating artificial intelligence

Even though society wants to be able to trust Al, they are
still afraid of the positive answers to the challenges posed by
XAI and TAL In the first place, all governments in the world
wish to protect their society from suffering fears. Therefore,
the EU is attempting to take the lead in the movement of
TAI [78] via the research of the HLEG.!* In passing, we
note that the United States'®> and China'® are also develop-
ing regulatory efforts. The European Commission (EC) has
spearheaded research on this topic with a White Paper by
identifying potential risks of Al affecting society from fun-
damental rights and privacy to industrial safety and legal
liability [79]. Due to the significant focus on the Ethics of
Al an increasing amount of research in guidelines has been
discussed in academic and political circles, leading to what
some call the “Al ethics boom” [80]. The results are so far
accessible in the Product Liability Directive (PLD) and the
Artificial Intelligence Liability Directive (AILD).!

Regulating Al is challenging because we do not fully com-
prehend Al [81]. People are still debating about the appro-
priate definition for Al [82].'® In the meantime, researchers
are investigating the relevant ethical framework to guide
any legal or social regulatory reform regarding AI [83]. We
observe the three primary regulatory efforts in China, the
US and Europe.

China has opted for an incremental regulatory approach
following the developments of Al. The three core regulatory
initiatives from the People’s Republic of China are PRC Reg-
ulation I, regulating recommendation algorithms; PRC Regu-
lation II, regulating synthetically created content; and PRC
Draft Regulation III, recommending regulation on Generative
Al [84]. Despite an observed difference in the motivations
supporting the regulatory initiative from the Chinese Gov-
ernment, specific regulatory parameters are also observed in
the Western (US and EU) efforts, paving the way for some
consensus in international Al regulation [84].

14 https://digital-strategy.ec.europa.eu/en/policies/expert-group-ai.

15 https://www.judiciary.senate.gov/committee-activity/hearings/
oversight-of-ai-rules-for-artificial-intelligence.

16 https://carnegieendowment.org/2023/07/10/china-s-ai-regulations-
and-how-they-get-made-pub-90117.

17 https://commission.europa.eu/business-economy-euro/doing-busin
ess-eu/contract-rules/digital-contracts/liability-rules-artificial-intel
ligence.

13 https://www.euractiv.com/section/artificial-intelligence/news/oecd-
updates-definition-of-artificial-intelligence-to-inform-eus-ai-act/.

19 https://www.whitehouse.gov/omb/briefing-room/2023/11/01/omb-
releases-implementation-guidance-following-president-bidens-execu
tive-order-on-artificial-intelligence/.

20 https://www.judiciary.senate. gov/committee-activity/hearings/
oversight-of-ai-rules-for-artificial-intelligence.

The US is in the process of developing regulation for AL
Following the Executive Order of President Biden, taking
into consideration the opinions of leading executives from
Al institutions in the US,?° the direction of the US about
regulating Al is becoming clearer.?' The regulatory direction
aims at strengthening Al governance, advancing responsible
Al innovation, and managing risks from the use of Al, with-
out adopting a risk-based approach as the EU proposes. The
consensus of the democratic party, supported by Majority
Leader Schumer is inclined to support a “SAFE Innovation
Framework for AI”, where Al is seen as central driver for US
economic growth and protecting American values.?> The US
seems to head towards the direction where business organisa-
tions have a significant degree of freedom to develop Al, for
so long as they comply with fundamental safety principles.

In the EU, the EU AI Act has taken multiple forms over
several iterative attempts to clarify how to regulate Al -
with the latest text adopted in 2023 [85], which is further
amended (in December 2023) following the most recent
negotiations.?* The current new version amends the origi-
nal proposal of the European Committee and seems to be
a serious candidate for the Al Act. Our expectation now
is that the AI Act is (almost) in its proposal stage after the
December 2023 discussions, which are validated by the lat-
est press release.?* A final acceptance is further supported by
a preparatory voting in a committee meeting in which it was
decided to bring the then current version of the proposal to
the first official meeting of the General EU Committee meet-
ing where the final voting on acceptance may take place. If
it still unexpectedly does not happen, then postponements
should take place owing to the elections of the EU. Con-
centrating on the contents of the Al Act, we here remark
that central to the EU is the topic of safety, which is visible
by the reliance of the Al Act on progressing the product
safety regulation. The EU regulatory proposal distinguished
from its start among unacceptable risk (total ban), high risk
(higher degree of regulation), and limited risk Al systems
(voluntary transparency standards), and foundation mod-
els (registration in EU database) for Generative Al models
(copyright disclosures, prohibition of illegal content) [20,
85]. Article 4a (1) is relevant to rule-based explainability,

21 https://www.whitehouse.gov/briefing-room/statements-releases/
2023/10/30/fact-sheet-president-biden-issues-executive-order-on-
safe-secure-and-trustworthy-artificial-intelligence/.

22 https://www.democrats.senate.gov/news/press-releases/majority-
leader-schumer-delivers-remarks-to-launch-safe-innovation-frame
work-for-artificial-intelligence-at-csis.

2 https://www.europarl.europa.eu/news/en/press-room/202312061P
R15699/artificial-intelligence-act-deal-on-comprehensive-rules-for-
trustworthy-ai.

24 https://www.consilium.europa.eu/nl/press/press-releases/2023/12/
09/artificial-intelligence-act-council-and-parliament-strike-a-deal-on-
the-first-worldwide-rules-for-ai/.
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which requires developers and Al users to use their best
efforts for each principle of transparency as laid out in the
regulation [85]. According to the press release, consumers
have a right to request for meaningful explanations. Such
a right further solidifies the justification for our research
on rule-based explainability.> Moreover, the press release
provides updates on general purpose Al systems and clarifies
further high-risk and prohibited AI systems.?® The EU Al
Act follows a more robust risk management approach than
prior research efforts from the EU bodies due to supporting
research by the EC’s White Paper [79] and the HLEG.?’

When combining the Chinese, American and Euro-
pean approaches, we may find similarities and differences.
Research shows that, in general, all regulatory approaches
agree on fundamental risks and requirements [86]. The risks
are black-box models, privacy violations, bias, and dis-
crimination; the requirements are algorithmic transparency,
human understandable explanations, privacy-preserving
algorithms, data cooperatives, and algorithmic fairness [86].
However, in conclusion, the three regulations differ on the
specific regulatory approach (e.g., risk-based vs non-risk-
based) and the nature of compliance standards.

2.4.4 Transparency and accountability

While researchers and regulators worldwide investigate the
safety of ethical principles in the design of Al systems, a
straightforward and concrete challenge appears because of our
inability to focus on one (or a few) of the divergent ways of
protecting society from Al [14]. The primary motivator behind
this challenge is the misalignment between (1) levels of actual
trust and (2) the trustworthiness of applied AI [16]. As a direct
follow-up, we mention the contribution by Luke Munn, who
proposes an alternative perspective for ethical Al, going beyond
procedural issues on bias, transparency and discrimination. On a
macro-level, he proposes the concept of Al Justice, which com-
prehends the creation of Al as a part of social systems, subject
to the ethical values of the systems they created [14]. He calls for
an inter-sectional ethical approach, which includes (1) diverse
groups in designing Al systems, (2) the re-definition of out-
dated ethical concepts, and (3) ensuring that fundamental social
inequalities are addressed [14]. On a micro-level, he advocates
two practical concepts for the design of Al: transparency and
accountability [14]. Indeed, the latter two concepts will con-
tribute to measurable goals for the practical improvement of Al
systems. Furthermore, that is what we currently need.

2 https://www.europarl.europa.eu/news/en/press-room/202312061P
R15699/artificial-intelligence-act-deal-on-comprehensive-rules-for-
trustworthy-ai.

26 https://www.consilium.europa.eu/nl/press/press-releases/2023/12/
09/artificial-intelligence-act-council-and-parliament-strike-a-deal-on-
the-first-worldwide-rules-for-ai/.

27 nhttps://digital-strategy.ec.europa.eu/en/policies/expert-group-ai.
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Such a practical approach towards designing Al systems
- if possible to be realised - will bring clarity in Al develop-
ment and ethical auditing of Al algorithms [65]. For example,
when large multinational organisations are subject to Ethics-
Based Auditing (EBA), they will face challenges including
ensuring harmonised standards across decentralised organi-
sations, demarcating the scope of the audit, driving internal
communication and change management, and measuring
actual outcomes [87]. The ethical design of Al will then be
the guideline to (1) the organisations and (2) the social sys-
tems that create AI [87]. All in all, ethics will then arise in the
context of the socio-technical systems that create them [88].
Munn’s inter-sectional ethics approach becomes feasible with
the diverse inclusion of ethical practices within organisations,
nudging towards the institutionalisation of ethics [89] and the
re-evaluation of Al business practices [90]. Consequently,
evaluating group values and interests becomes possible as
well as a fair comparison of the personal values with group
values [78]. In practice, despite the desire from developers
and designers of Al systems to adopt more practically ethical
approaches, a gap is observed with systematic practices that
can direct their operations despite multiple attempts to make
sense of the regulatory requirements [91, 92].

It is due to the challenge of translating ethical con-
cepts into practical solutions for Al development and the
implementation of the results that the field of Al Ethics-
By-Design has emerged [93, 94]. The field addresses vital
ethical concerns in the ethical development of Al, such as:
how can and should we develop ethically-aware Al agents
whose behaviour is adaptable to socio-ethical contexts [95]?
To nurture such development, the experts involved in Al
development should find consensus in the principal values
to guide the design of Al systems [96, 97]. Designing such
ethically aware Al agents will impact policy-making by cre-
ating the need for investigating the establishment of legal
protection for Al agency [98]. Public opinion will also affect
such policy-making, whose perception of the topic is far
from reaching any consensus [99].

3 Research methodology

The research methodology concentrates on three distinct
approaches: fieldwork, case studies and legal framework
application. First, the fieldwork focusses on understanding
the essential data for Al-based PLT processing. The data are
called Proactive Data (see Definition 9) and are based on
our previous research [31]. Second, the basis for selecting
case studies is Legalcomplex’s list of LegalTech solutions.*®
After validating to what extent Proactive Data applies to the
LegalTech solutions, we selected three case studies from

28 nttps://legalcomplex.com.
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Table 1 Categorisation of technology solutions based on buyers and end users, not operators or beneficiaries

Category Subcategory Description

Customers/buyers Top private company

FinTech

Innovative technology for financial services,

Banks, consumers, businesses Stripe

such as blockchain, digital payments, and

mobile banking
WealthTech

Focusses on wealth management and invest-

Investors, financial advisors, banks Betterment

ment, including robo-advisors and online

trading

RiskTech  Security

Protects digital/physical assets and systems

All industries, governments CrowdStrike

from unauthorised access, theft, or damage

Insurance

Streamlines insurance processes and offerings

Insurance companies, brokers Lemonade

through data analytics, Machine Learning

(ML), and Al
GRC

Manages regulatory, compliance, governance,

All industries, governments MetricStream

and risk strategies with automated processes
and technologies, contract management, and

automation
LegalTech

research
SmartTech

Audio recognition Processes and analyses audio data for voice
assistants, transcription, and sentiment

analysis
Text analytics
text for insights and patterns
Data analytics

Technology for legal services and processes,
such as contract drafting and Al-driven

Image recognition Analyses visual data using computer vision,
ML, and Al for various applications

Uses NLP, ML, and Al to analyse unstructured All industries, governments

Analyses large data sets for patterns, trends,

Law firms, legal departments Clio

All industries, governments DeepMind

All industries, governments Nuance Communications

OpenAl

All industries, governments Palantir Technologies

and insights to make data-driven decisions

Automation

Employs technology for tasks with minimal

All industries, governments UiPath

human intervention, such as in robotics and

process automation
CivicTech

Enhances civic engagement, government

Governments, NGOs, citizens SeeClickFix

services, and transparency with technology

solutions

the LegalTech applications. The aim is to develop Proac-
tive Data explanations. Third, we clarify the AI-Act liability
framework to apply to the three case studies in a compara-
tive setting. For the comparative significance, concerning
the focus of the AI-Act on risk-based Al, we directed the
selection towards three categories of case studies (viz. high-
risk, mid-risk and low-risk case studies). Even though the
Al Act proposal/amendment distinguishes between high-risk
and limited-risk Al, for practical research purposes, we have
divided limited risk into mid-risk and low-risk to facilitate
the creation of more detailed research findings and to show
the practical difference between levels of limited risk and
their impact. We do not discuss unacceptable Al or Genera-
tive Al in the methodology.

3.1 Field work

According to the literature, the most advanced meth-
ods for preventing legal problems focus on contract risk

management [43]. So, we ground our research on effectiv-
ity of contract automation and iContracts [7, 26]. iCon-
tracts are based on the hybrid approach between human
and computer interventions that aim to achieve full auto-
mation with self-executing contracts [102]. Owing to their
compliance with Hybrid Al principles, contract automa-
tion enables state-of-the-art innovations [103].

While investigating contract automation, we observed
that two main processes are not given sufficient attention,
viz. (1) the communication process preceding the draft-
ing of contracts and (2) the risk analysis during the draft-
ing of contracts [26]. We subsequently set out to validate
our observations [7]. We used as source of information
Legalcomplex, the most extensive database on LegalTech
solutions. We saw that out of the total registered 10,448
LegalTech solutions, 590 solutions (5.6 per cent) focus
on contract automation. Out of these contract automation
solutions, 51 (8.6 per cent) focus on contract communi-
cations and 50 (8.4 per cent) focus on contract risk [7].
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Surprisingly, to the researchers and the owner of Legal-
complex, there was no solution focussing on both contract
communications and contract risk, which we consider a
Black Swan of this research.

Inspired by the observation, we set out to design and
build the first Intelligent Contract (iContract) based upon
the automation of communications and risk data. We did so
in four steps. First, we designed the Onassis Ontology, an
open-source ontology that demonstrates how it is possible
to generate contracts by leveraging communications and risk
data [26]. Second, we designed the Enriched Bow-Tie Ontol-
ogy (EBTO), an extension of the Onassis Ontology, to indicate
how it is possible to manage all types of risk-including con-
tract risks-explicitly [100]. Third, we visualised the risk analy-
sis conducted by a legal expert on EBTO for the contracting
parties as end users and found that their level of trustworthi-
ness increased from 1 to 7.9 on a scale from 1 (comparable to
a user interface without risk visualisation) to 10 (comparable
to a legal expert explaining risk) [101]. Fourth, we validated
the Onassis and Enriched Bow-Tie Ontology structures [31].

It turned out that both ontologies are fully programmable
and that the isolation of Proactive Data is possible. In this
way, Proactive Data (or Proactive Control Data) helps iden-
tify measures that will reduce the likelihood of the occur-
rence of a hazardous event [31]. In summary, the impact of
Proactive Data is that (1) it is able to reduce the likelihood
of a dispute occurring by improving contract drafting and (2)
its quality assessment is feasible via the Logocratic Method
(LM) (see Sect. 7) [69].

3.2 Case studies

Given that the development of categorisation criteria is a
complex process, we are pleased to report that we were given
access to the categorisation used by Legalcomplex. They
have been categorising and recording LegalTech solutions
for several years, The categorisation is the best one avail-
able. Legalcomplex provided us with information of six
categories of LegalTech applications listed in Table 1. The
six categories of solutions are: FinTech, WealthTech, Risk-
Tech, LegalTech, SmartTech and CivicTech. Legalcomplex
structures all collected company data so that all six catego-
ries fit within the giant umbrella of LegalTech. However,
it is essential to differentiate between specific LegalTech
solutions that focus on lawyers as end users and general
LegalTech solutions that encompass a more comprehensive
range of six categories. Two categories also include subcat-
egories. The first is RiskTech with (1) Security, (2) Insur-
ance, and (3) Governance, Risk, and Compliance (GRC).
The second is SmartTech with (1) Image Recognition, (2)
Audio Recognition, (3) Text Analytics, (4) Data Analytics,
and (5) Automation. Table 1 includes specific descriptions
for each category and subcategory-fourteen in total-and for
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the end users being top private companies. The number of
categories is six, and of subcategories is eight. In total, there
are fourteen (sub)categories.

The three case studies we selected are based on three
LegalTech solutions found in Table 1. The framing of expla-
nations assumed that an Al system would be able to advise
an end-user based on Proactive Data.

e The low-risk solution concerns using Lemonade (Risk-
Tech, Insurance) for purchasing car insurance.

e The mid-risk solution concerns using OpenAl (Smart-
Tech, Text Analytics) for creating a construction plan.

e The high-risk solution concerns using Palantir Technolo-
gies (SmartTech, Data Analytics) for applying predictive
policing during a riot.

To represent the Proactive Data and their explanations, we will
use generated data by ChatGPT. Generated explainable proac-
tive data are produced based on a question that seeks explanation
(explanandum) in compliance with the Logocratic Method.

e For the low-risk case study, the explanandum is: What
insurance should we provide to a client who bought his/
her first car [client is 27 years old and has been caught
drinking when (s)he was underage]?

e For the mid-risk case study, the explanandum is: When
deciding to build a tall building next to a residential area:
[should we add a net to catch people who may fall, at the
expense of a better view of the surrounding area]?

e For the high-risk case study, the explanandum is: Dur-
ing a scary, fast-developing riot in the middle of the city
centre, should we employ predictive policing to predict
and prevent potential harm to citizens, even if the pre-
dictive policing system may consider some of the rioters
sufficiently dangerous?

3.3 Liability framework application

The EU is still investigating an appropriate liability regime
for regulating Al [73]. From the beginning, the general aca-
demic opinion supports a strict liability regime, proposed in
a way that does not discourage innovation [72]. Research-
ers focus on a risk-based approach, whereas the riskiest
Al should be strictly liable, with specific uses of Al being
prohibited [73]. Indeed, researchers support that having a
liability regime for AI will benefit society and the industry.?’

2 Committee on Industry, Research and Energy for the Committee
on the Internal Market and Consumer Protection, (2021), Opinion on
shaping the digital future of Europe: removing barriers to the func-
tioning of the digital single market and improving the use of Al for
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Table 2 Case study 1: low risk—using Lemonade to purchase car insurance

Most serviceable explanation

Less serviceable explanation 1

Less serviceable explanation 2

Risk source Personal history and behaviour pose
minimal risk
Proactive control Offer standard coverage with no special
conditions

Hazardous event
violations

Special conditions are not necessary
due to low overall risk help

Minor accidents or occasional speeding Extreme accidents or driving under

influence are highly unlikely

Age and previous underage drinking are Car ownership history is more important
not relevant risks

than age
Additional driver safety courses might

Catastrophic accidents are too rare to
consider

Question: What insurance should we provide to a client who bought their first car, [client is 27 years old, and (s)he has been caught drinking

when (s)he was underage]?

Table 3 Case study 2: mid risk—using OpenAl for creating a construction plan

Most serviceable explanation

Less serviceable explanation 1

Less serviceable explanation 2

Risk source

ate risk
Proactive control Install safety nets to prevent injuries

Hazardous event  Accidental falling objects harming

people

Falling objects or accidents pose moder- Residents’ views are not a relevant
safety concern

Prioritise aesthetics; nets are visually
unappealing

Residents’ view obstruction is not a
major issue

Tall buildings are inherently safe, and
nets are unnecessary

Invest in better warning signs instead
of nets

Falls are rare, and nets will ruin the
building’s appearance

Question: When deciding to build a tall building next to a residential area: should we add a net to catch people who may fall, at the expense of a

better view for the residents of the surrounding area?

Table 4 Case study 3: high risk—using Palantir Technologies for applying police force during a riot

Most serviceable explanation

Less serviceable explanation 1

Less serviceable explanation 2

Risk source Riot poses an immediate threat to

public safety
Proactive control Deploy predictive policing system for
rapid response

Hazardous event Potentially wrongful prosecution of
rioter

Concerns about predictive policing’
judgement are unwarranted

Human intervention is sufficient for
handling the situation

The riot situation is not as dangerous as it
seems; no system needed

Wait for more information about the
predictive policing readiness

Rioters’ intentions are not as harmful as Predictive policing judgement may not be
they appear

harmful, no risk

Question: During a scary, fast-developing riot in the middle of the city centre, should we employ predictive policing to predict and prevent
potential harm to citizens, even if the predictive policing system may consider some of the rioters sufficiently dangerous?

The EU started working on a legislative reform investiga-
tion in 2015.%° Since then, several researchers and experts
have investigated the challenges of Al liability regimes.
Currently, the EU tends to support the idea of strict liabil-
ity for high-risk Al systems. That is because the existing
legal framework, based on the PLD, has gaps [104]. The
PLD proposes a fault-based liability regime, although, since
its establishment in 1985, it has not covered the new Al
challenges within it. Following this investigation and its
debates, the EU released a legislative proposal known as
the AI Act in 2021. The AI Act aims to repair the gaps in
the PLD and aims to establish a strict liability regime for

Footnote 29 (continued)
European consumers, European Parliament.

30 Legislative Observatory, (2015), 2015/2103 (INL) Civil law rules
on robotics, European Parliament.

high-risk Al systems. However, not all academics agreed,
and some proposed that different Al systems should adhere
to different liability regimes [105]. Also, at this moment
(see Sect. 2.4.3), according to some academics, the develop-
ment of limited-risk Al systems to which no strict liability
applies requires compliance with transparency standards.
Nevertheless, neither the AI Act nor the PLD provides clear
guidelines on handling liability challenges arising from such
systems. For the case of Generative Al, a higher level of
transparency is required, although some liability challenges
will remain unsolved, as we expect. The latest working ver-
sion of the AI Act in 2023 and following discussions aim
at addressing these challenges [85]. Overall, the journey
towards an appropriate governance framework for Al is long,
and trustworthiness is continuously developing and improv-
ing as we go along [106].
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Table 5 Legal and ethical gaps surfacing during the application of the AI-Act to the case studies

Transparency gap Accountability gap

Liability gap

Description Lack of visibility over explanations

supporting decisions

Inability to hold specific parties
accountable

Root causes Explanations are focussed on inductive Lack of sufficient explanations sup-

Inability to assign liability to responsible
parties in fair manner

Al-Act applies strict-liability for high-

models porting decisions risk Al
Privacy, security and strategic objec-  Lack of explanations creates lack of Lack of rules for transparent explana-
tions visibility tions
Lack of explanation culture across AI ~ Human inputs to Al decisions are Narrow focus of explainability for induc-
chain unclear tive models
When incurred All phases All phases All phases
Responsible parties  All parties All parties All parties
Risk Inability to explain Al decisions Inability to assign responsibility Inability to apply shared liability
4 Results e Table 4 includes Case Study 3, the high-risk case study

The results of our research guided by RQ1, RQ2, RQ3 and
the PS are given in this section. First, they highlight that
Proactive Data are identifiable in all LegalTech categories
and that their explanation can be made feasible, as shown
by the three case studies. Second, the results reveal legal
and ethical gaps when applying the liability framework
of the provisional Al-Act to the case studies. Third, XAl
and TAI are quite helpful in answering RQ1, RQ2, RQ3,
and the PS.

4.1 Preventive legal technology

In order to validate whether PLT applies to the LegalTech
categories mentioned above, we applied Proactive Data
to three case studies derived from the products assembled
by the 12 top private companies displayed in Table 1. The
application of Proactive Data to all 12 examples is accessi-
ble via GitHub’!. Proactive Data was successfully applied
to them. The result was (1) proving that PLT is relevant for
all defined LegalTech categories and (2) convincingly vali-
dating the relevance of PLT for all LegalTech domains. As
stated above, for this article, we selected three case stud-
ies, each category representing explainable proactive data.

e Table 2 includes Case Study 1, the low-risk case study
examining the use of Lemonade for the purchase of car
insurance.

e Table 3 includes Case Study 2, the mid-risk case study
examining the use of OpenAl for creating a construction
plan.

31 https://github.com/onassisontology/onassisontology/blob/main/
img/legaltechdomains.png.

@ Springer

examining the use of Palantir Technologies for applying
predictive policing during a riot.

The structure of each Table is as follows. On the left side,
the Proactive Data concepts are represented, namely (1) risk
source, (2) proactive control and (3) hazardous event. On
the top side, the categories of explanations are shown; they
include the most serviceably plausible explanation and, after
that, two potentially “disqualifying” explanations (called
less serviceable). The data generated for the three case stud-
ies differ contextually depending on the relevant questions
for each case study.

4.2 Legal and ethical gaps

As stated earlier, the provisional Al Act proposes a strict
liability regime for high-risk Al systems (Case Study 3). It
means that for low-risk (Case Study 1) and mid-risk (Case
Study 2) Al systems (limited risk under AI-Act), the AI-Act
is partially applicable with voluntary compliance standards.

Case Study 2 shows that the reasoning followed by the
generated data is different for human experts, who are able
to recognise the risk of a lawsuit from a neighbour. What
do we learn from this consideration? Even though the Al
recommended a proactive control without considering its
consequences, a human expert may decide to follow the
advice. In this case, if the human follows the advice, then
the human is facing a risk of a lawsuit and can hardly put
liability on the AI system.

Case Study 1 is a relatively straightforward case. The
level of risk is low, and the advice proposed by the generated
data complies with the usual direction that a human expert
would take. Hence, humans may follow advice without nec-
essarily being concerned with the consequences.

Case Study 3, however, is more complex. If we assume an
official decides to follow the advice of the Al then there is a
high risk of using lethal force by the bionic robots. According
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to the Al Act, the Al should be held strictly liable, and the
official may or may not develop a court defence based on this
reasoning. However, in the case of a court defence, applying
strict liability may be unfair, because the official essentially
interprets the explanations provided by the Al (except if the
official is not involved in the final decision-making). There-
fore, we are curious to see how Hybrid Intelligence works in
the future. Depending on other interpretative explanations of
the officer, we are inclined to follow and interpret the other
lines of reasoning and compare them to the Al system’s. If
the officer mindlessly follows the AI’s advice and the appear-
ance of wrongful predictive policing occurs, a fairer legal
framework would be that of shared liability because both
the machine and human are subject to the same explanatory
flaws. If the official provides a different explanation, and,
eventually, the risk occurs, we can still re-investigate the
official’s line of reasoning and compare it to the machine’s.
Arriving at the very essence of this case, in our opinion, we
should show more accuracy in assigning liability. Of course,
a potential defence might be that an officer may argue along
the opinions voiced via privacy rules. An entirely contrary
opinion is that it could be in the strategic interest of an organ-
isation to hide potential explanations. Table 5 shows the iden-
tified legal and ethical gaps based on the analysis.

The gaps we identified are divided into three categories:
(1) transparency, (2) accountability, and (3) liability. On a
transparency level, we need more visibility over explana-
tions supporting decisions. As for accountability, the lack
of explanations makes it challenging to hold specific parties
accountable. Then, about liability, it becomes hard to assign
liability to responsible parties fairly. All three categories
have direct implications for law and ethics and, as a con-
sequence, are the primary legal and ethical gaps observed
based on the case studies.

As seen in Table 2, the generated data propose as proactive
control a standard coverage with no special conditions based
on the personal history of a driver’s behaviour, considering
the risk of minor accidents and violations. The disqualified
explanations concern not considering the prior history and
behaviour or the age as risky. Proactive control, in this case,
seems rational and reminisces that of a human expert.

As for Table 3, the generated data propose proactive
control of installing safety nets despite blocking the poten-
tial view of surrounding residents. It prioritises the risk of
human falls higher than the risk of potential lawsuits by sur-
rounding residents. It is an excellent example of generated
data because this proactive control is rarely the choice of a
human expert. As seen in the less serviceable explanations,
the risk of a lawsuit from residents is not considered a sig-
nificant issue, and the generated data do not recognise it as
an actual risk.

As for Table 4, the proposed proactive control is the
deployment of predictive policing for rapid prediction, even
when there is a risk of potential wrongful judgement. As
given above, one of the less serviceable explanations is wait-
ing for more information about the predictive policing sys-
tem’s readiness, considering that the system can arrive at a
wrong judgement. It is a convincing example of generated
data because it shows that the official eventually should take
the decision-making in conjunction with the advice received
from the technological system. If the official faces alterna-
tive explanations, yet before deciding, the official should
interpret the proposal suggested by the PLT.

The table identifies three vital legal and ethical Al cat-
egories: transparency, accountability and liability. For each
category, it identifies the central gap based on the applica-
tion of the AI-Act to the case studies. After describing its
gap, we explain its root causes, show when they occur and
who are the responsible parties, as well as the relevant risk.

4.3 Explainable and trustworthy preventive legal
technology

The PS of this research is: To what extent is it possible to
develop an explainable and trustworthy Preventive Legal
Technology? The PS includes three Research Questions
(RQs): (RQ1) what is Preventive Legal Technology?, (RQ2)
to what extent is it possible to develop an explainable Pre-
ventive Legal Technology?, and (RQ3) to what extent is it
possible to develop a trustworthy Preventive Legal Technol-
ogy? Below, we provide the answers to RQ1, RQ2, and RQ3
and finally provide an answer to the PS.

e RQ1: Preventive Legal Technology is a methodology
concerned with using legal technology within the context
of preventive law to promote the intelligent prevention of
disputes.

e RQ2: Developing XPLT is possible to the extent that
generating explanations is feasible for the decisions sup-
porting Proactive Data.

e RQ3: Developing TPLT is possible to the extent that
the explanations of decisions supporting the selection of
Proactive Data are sufficiently transparent and account-
able.

e PS: Developing XTPLT is possible to the extent that
the generation of sufficiently trustworthy explanations
supporting the Proactive Data decision-making is viable
when evaluated with the help of the practical ethical
standards of transparency and accountability.
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5 Discussion and implications

What are the implications of the outcomes of the case stud-
ies for AI? More particularly, what are the ethical and legal
implications? The discussion attempts to highlight such
implications.

5.1 Artificial intelligence implications

Engineering Al for (1) Explainability, (2) Interpretability,
and (3) Human Understandability is possible.*” For so long
as PLT and in particular the Proactive data used are based on
Al systems, we believe that explainability primarily can be
achieved. One of the main advantages of EBTO (see Field
Work, Sect. 3.1) is that it applies to any risk level. Therefore,
it is possible to apply proactive data to risk analysis occur-
ring on the level of DL. The main limitation that blocks us
today from accessing such explanations is the lack of an
“explanation culture” that can be applied across the chain
of Al systems, i.e., design, development and application.

The case studies validate that generating explainable pro-
active data is possible, even based on generated data. The
case studies show how it is possible to combine Proactive
Data with the LM structure of abduction to develop explana-
tions for selecting Proactive Data. In our case studies, the
generated data provide a high-level explanation of the proac-
tive data, which is sufficient for helping a human make an
evaluation (via an interpretive abduction) that will inform
follow-up actions, scratching (at this moment) the surface
of Hybrid Intelligence. So far, we believe and hope that a
human can, in the future, evaluate each explanation of an
Al system. Moreover, the foundation of each explanation is
sub-explanations, and their basis is deductive or inductive
evidence. With our case studies, supporting evidence needs
to be visible. Requesting additional visibility over explana-
tions is possible. It is a task for all of us.

5.2 Ethical implications

The main ethical implication of our research concerns the
increase in trustworthiness due to higher transparency and
accountability on a practical Al level. The case studies show
that (1) explanations of Proactive Data are possible, (2) how
explanations nurture trustworthiness, and (3) that account-
ability can be assigned relative to the degree of transparency
of an explanation. Indeed, the explicit application of expla-
nations may be considered time-consuming. Nevertheless, it
is only a matter of investing time to create or request an Al
system to create explicit representations of the argumenta-
tion supporting a decision that makes explainability possible.

32 https://www.marktechpost.com/2023/03/11/understanding-expla
inable-ai-and-interpretable-ai/.
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The degree of transparency depends on how an explanation
is expressed and accessible. The higher the transparency of
the motivations supporting an explanation accompanied by
explicit data, the higher the degree of accountability that can
be assigned. Hence, the more considerable will be the ethical
degree of an Al system.

From this perspective, we hope to have shed light on
clarifying the concept of AIDM. Compliance with AIDM
means it is sufficiently transparent to showcase a (more
than) sufficient number of premises supporting a decision.
As a result, an ethical organisation becomes one that pro-
vides the requested explanations concerning the Al design,
development, application and decision-making process, even
for inductive models. Explicit explanations and transparent
interpretations that enable accountability support public
participation, legal certainty and consistency and can help
reflect relevant fundamental rights more easily [77]. As a
consequence, Hybrid Intelligence will be enabled [107].

The ethical implications are that more transparency
is generated with explainability, which directly impacts
accountability. With higher accountability, assigning liabil-
ity becomes more responsible, thus leading towards LTAI
Our research recognises that liability connects inextricably
with the explanatory process supporting Al across its devel-
opment and application chain. Explanations are applicable
on multiple levels but are usually hidden or implicit today.
Hence, we highlight the importance of surfacing explana-
tions and the positive ethical impact such surfacing entails.

5.3 Legal implications

Applying the legal framework to the case studies shows
that regulating Al technology can be considered a generic
approach for applying liability only in high-risk scenarios
(and only for these scenarios). For a more fair liability
framework, specific use cases should be leveraged; depend-
ing on the degree of consequences (high, mid or low risk),
the expansion of explanation requirements of an Al sys-
tem should be made possible. Depending on the degree of
risk, we adjust that the quality of explanations deserves the
utmost attention. For now, lawyers and legal researchers aim
to insert humans in the loop to improve the Al systems’
responsibility for explanations. Our results show how shared
liability may become possible depending on the distribution
of mistakes throughout the explanation chain.

Moreover, they show the extent to which it is possible to
provide explanations in light of the AI Act, which provides
the right to consumers to launch complaints and receive
meaningful explanations.™

33 https://www.europarl.europa.eu/news/en/press-room/202312061P
R15699/artificial-intelligence-act-deal-on-comprehensive-rules-for-
trustworthy-ai.
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The consideration of robot rights as equal to human rights
for establishing a proportional shared liability model can
be argued as excessive from the Futuristic Al movement
perspective. However, we have shown that explanations
create transparency for human reasoning, eventually lead-
ing a machine to reason in a particular direction. Therefore,
we support the opinion that the basis of robot reasoning is
human reasoning, which is explainable, and therefore, lia-
bility should be assigned at all levels. However, we now
need more insight into such explanations, particularly more
visibility.

The authors opine that current regulatory efforts need to
balance social protection and innovation. On the one hand,
the second author’s opinion (H. J. van den Herik) is that
within 50-80 years, robots will outperform human beings
in their quality of thinking. For this reason, during the Euro-
pean Conference on Artificial Intelligence (ECAI) 2023, he
proposed the development of an international treaty similar
to that of nuclear weapons [108]. On the other hand, acceler-
ating Al development is crucial, and by adopting an “expla-
nation culture”, its effects can be mitigated to a large degree.
As long as regulators continue to approach Al development
as a black box from the Futuristic Al perspective, innova-
tion will be hampered, and society will not be able to benefit
from the positive effects of Al. Still, achieving consensus on
an international level is vital to maintaining the focus of Al
development in socially positive directions.

6 Conclusion

The paper introduces PLT as a new technology that helps the
law become more effective and responsible in the intelligent
prevention of disputes. Moreover, it introduces how PLT
explains its decisions by applying explanations for Proac-
tive Data. Explainable Proactive Data improves the trust-
worthiness of PLT while increasing ethical transparency and
accountability, directly affecting ethical Al research, LTAI,
and Al Legal Liability regulation efforts.

The article shows that creating sufficiently trustworthy,
transparent and accountable explanations supporting PLT
decision-making is achievable in the realm of our research.
The main limitation is seen in the explanations supported by
inductive models. However, overcoming this limitation is
possible. We agree that the notion of inductive explainability
is complex, but it is the basis of the strict liability regime
of the AI Act. Even though explainability is hard for induc-
tive models, explainability will be possible across the chain
of design, development, application, and decisions of Al
systems, including inductive systems. Because of the need
for more explanations across the Al chain, inductive expla-
nations seem complicated today. This lack of explanations

reduces the trustworthiness of Al systems and, therefore,
ethical transparency and accountability.

The task for researchers is to show how explainability
can be applied in detail across the Al chain, even in induc-
tive models. It is essential considering the rapid adoption of
Generative Al technology, the legal implications of which
are still being investigated and pose a significant challenge
to regulation efforts. Finally, a severe challenge and excit-
ing avenue is investigating the combination of rule-based
explainability with statistical explainability models.

7 Further research

The Logocratic Method shows that decision-making is, in
essence, based on abductive reasoning, in which explana-
tions play a fundamental role [109]. Its application requires
the development of explanations about observed facts. Each
explanation derives from a specific point of view. The rela-
tive strength of each explanation enables a relative level of
trustworthiness.

So far, the LM has not been applied to rule-based XAI
in literature. According to the LM, there is an important
distinction between identifying and evaluating arguments
[109]. An argument evaluation becomes possible if an argu-
ment is identified, irrespective of its source. Hence, from
an end-user perspective, what matters most in ruled-based
XAl is the ability to evaluate arguments irrespective of its
source and even if their discovery happens via the Al black
box. Focussing on the ability to evaluate rather than discover
complies with the notion of Hybrid Intelligence supported
by leading TAI researchers in the European Union (EU)
[107].

According to the LM, the process of evaluating argu-
ments begins with an interpretive abduction. Hence, if the
modelling of the LM takes place in Al systems, provided it
contributes towards sufficiently valid evaluations, then the
application of LM on Al contributes to making Al explain-
able and interpretable [29]. Eventually, the systematic evalu-
ation of Al explanations and interpretations will facilitate
the evaluation of underlying values, principles and laws,
contributing to greater trustworthiness [110]. Studying how
the LM contributes to XAl will help develop an “explanation
culture” that can contribute towards more TAIL
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