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ABSTRACT: AI systems intended for use in judicial procedure carry a significant commitment to 
efficiency—understood from an instrumental perspective—for which accurate predictions 
are paramount. However, if an AI system has this objective, it is inevitable that explica-
bility will decrease. This means that the program’s algorithms are not comprehensible to 
humans, and often, neither is its output.  From an AI ethics standpoint, AI systems applied 
in the field of justice should possess a significant degree of explicability, yet this compro-
mises efficiency. Therefore, this paper aims to 1) highlight the tension between efficiency 
and explicability; and 2) argue that, even adopting an AI human-centred approach, opaque 
systems prioritizing efficiency could be justified, depending on the specific function of the 
system; specifically, in the greater or lesser degree of interference with the judicial decision 
that must be justified.
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1.  INTRODUCTION

AI systems in general, and those used in justice in particular, are commit-
ted to efficiency, understood from an instrumental perspective (for instance, 
as a means to an end, but without being qualified as good per se). For this, 
having the most accurate and precise predictions possible is crucial. Howe-
ver, if this objective is pursued, a reduction in explicability is inevitable: the 
program’s algorithmic functioning is not comprehensible to humans, and of-
ten, neither is the output itself.

From an ethical perspective it is said that AI systems applied in justice, 
given its public relevance, should have a significant degree of transparency to 
allow for the greatest possible explicability; although this would compromise 
efficiency.

Therefore, this paper aims to demonstrate two very specific points: 1) the 
existence of a deep tension between efficiency and explicability (identifying 
the latter as an end-value of AI, and distinguishing it from other values such 
as transparency, traceability or accountability); and 2) that, even adopting 
a human-centred approach to AI, there is justification for AI systems in the 
realm of justice that prioritize efficiency, sacrificing explicability. However, 
this will depend on the system’s function; specifically, on the greater or lesser 
degree of interference with the judicial decision that must be justified. Fina-
lly, some conclusions are offered.

2. � EFFICIENCY AND PREDICTIVE ACCURACY IN AI SYSTEMS

One of the main objectives of current AI systems is to offer increasingly ac-
curate predictions. Generally, these systems are characterized by carrying out 
machine learning, which involves various techniques, such as decision trees, 
statistical regression, support vector machines, evolutionary algorithms, neu-
ral networks (deep, in the case of large language models, which are a subspe-
cies of generative AI), etc. However, “the activation of these models involves 
complex calculations, intended to reproduce the correlations between input 
features and the results to be predicted”; and, while not all these techniques 
entail the same complexity, “today, the most influential model among those 
used in machine learning is the neural network. These are computer systems 
consisting of nodes (so-called neurons) connected by links (also known as 
parameters) to which numerical weights are assigned (…)”  1.

In other words, the very structure of such systems and the use of big data  2 
mean that, as complexity increases, they become more opaque, less com-

1  Santosuosso & Sartor (2022, p. 1770; 2024, p. 42).
2  This term refers to “large datasets that are too complex and voluminous to be processed and 

analysed by traditional data-processing methods” (Khan, 2025, p. 25). Data comes from organizations 
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prehensible to the human mind, and therefore, less able to clarify their re-
asoning, whether by explaining or justifying their decisions. These are the 
so-called black box systems. This is further magnified when the material the 
models work with consists of unstructured data; that is, data for whose prior 
processing no human has intervened in classifying the material to be proces-
sed by the system  3.

Thus, while there are predictive AI systems in general that offer a fairly 
clear sequence of steps expressing premises and conclusions (such as the de-
cision tree technique or the rule-based system), the most influential models 
require more complex calculations to better reproduce the statistical correla-
tions between the input and the result. These calculations are usually expres-
sed in numerical values that determine the system’s operation and even serve 
to train it, as seen when discussing ML. All this leads to the conclusion that 
if one wanted to institutionally implement an AI system based on statistical 
frequencies capable of yielding good predictions, the comprehension of that 
system would necessarily have to be sacrificed.

One of the most important values behind these systems that seek predic-
tive accuracy is efficiency. Here, an instrumental sense of the concept of effi-
ciency is assumed; that is, an alignment between the stated goals or objecti-
ves and the means to achieve them. There is no intrinsic commitment to the 
correctness of a certain value or objective to be achieved, but rather, with the 
best way to achieve it  4. So, we can assume that a more accurate prediction 
generates savings in time, money, and effort, and better results for certain 
human activities, thereby creating value and ultimately achieving benefits for 
human beings (beneficence is one of the final values of AI according to va-
rious ethical stances). Thus, understood in this way, efficiency would present 
itself as the best path to well-being; but, by itself, it does not commit to well-
being being a correct value: for that, a certain moral philosophy or political 
theory would be required  5.

(costumer information, transactions), humans (social networks, media, photos, internet searches, 
e-mail, etc) and, above all, machines (sensors, video cameras video, satellites, etc) (Gupta & Mamta, 
2024, pp. 3 ss.). Data can arrive in various forms: structured, semi-structured, or unstructured. The lat-
ter two forms are the most prevalent, and their processing requires highly specialized techniques (see 
EMC2, 2015, p. 5). This led to the creation of a multidisciplinary field aimed at using big data to extract 
information and influence decisions: big data analytics. Several techniques were developed in this 
area, the most common of which include data mining, machine learning, natural language processing, 
data visualization, predictive analytics, statistical analysis, and real-time analytics, among others (see 
Demirbaga et al., 2024, pp. 3-4). Therefore, big data analytics and IA are closely connected.

3  Gioia (2025) argues that big data would be a “condition of possibility for the use of IA in judi-
cial system” (p. 1354), but this is not entirely accurate. Indeed, if the goal is to achieve a high degree 
of efficiency, more sophisticated programs requiring the processing of large amounts of data will be 
necessary. Nevertheless, there are systems that do not necessarily rely on big data and can still provide 
satisfactory results, as exist and are applied in several judicial systems.

4  See Giabardo (2022).
5  See Giabardo (2022, pp. 57-58).



4	 RENZO CAVANI

Revista Ítalo-Española de Derecho Procesal	

 
3. � THE TENSION BETWEEN EFFICIENCY  

AND EXPLICABILITY

In the framework of developing AI systems, at a general level, it is often 
stated that there is a tension between two objectives to be pursued: a) provi-
ding more accurate predictions (for instance, efficiency, as we have just seen); 
and b) providing better explanations for said predictions. As mentioned, if 
one wishes to prioritize the first objective, the second will necessarily be sa-
crificed  6; and, conversely, if the aim is to have systems that can provide more 
and better explanations, the accuracy of the predictions could end up being 
sacrificed, thereby compromising efficiency. For its part, choosing how opa-
que —or, also, how transparent—a system should be involves various ethical 
considerations. It is certainly not easy to strike a balance between efficiency 
and explicability  7.

Explicability is seen as a core principle of AI ethics  8. Luciano Floridi, from 
a bioethics perspective  9, proposes that the central ethical principles of AI 
(which are often heralded in various declarations of principles  10) be benefi-
cence, non-maleficence, autonomy, and justice, to which, precisely, explicabi-
lity is added  11. According to the author,

explicability is understood as incorporating both the epistemological sense of 
intelligibility —as an answer to the question “how does it work?”—and in the 

6  Santosuosso and Sartor (2022, pp. 1770 ss.).
7  Sartor and Santosuosso (2022, p. 1771; 2024, p. 47). A similar, although not identical, tension 

is argued by Floridi (2025). The author asserts that there is a trade-off between certainty or accuracy 
and scope, in the sense that no AI system can simultaneously maximize epistemic certainty (i.e., error 
reduction) and the scope of the system’s mapping. Thus, he considers that while symbolic AI has high 
certainty but low scope, generative AI has high scope but low certainty. This leads him to conclude that 
generative AI hallucinations are not “errors” of the system, but rather an inherent feature resulting 
from having such a broad scope. Therefore, seeking an “error-free” system of this kind is impossible, 
which is why a hybrid system would be recommended.

For her part, Smuha (2025) recently has presented a tension between the efficiency or optimization 
sought by AI systems used by state entities and fundamental rights, whose protection is a duty of the 
very State that employs these systems. Thus, according to the author, algorithmic regulation can erode 
legality (opacity of norms), hinder the citizen’s ability to understand and challenge decisions, and affect 
legitimacy, in the sense that the moral authority of the law is perverted, turning it into an efficient yet 
arbitrary tool of social control (here lies the wordplay: the law viewed in this way would no longer be a 
Rule of Law, but a Rule By Law). Hence, according to Smuha, it is necessary to set strict limits to con-
tinue preserving freedom and restraining state power. See also, Smuha (in press). However, in neither 
of those important contributions the author stresses any distinction between AI systems according to 
its functions. This is important because, as we will see, the impact is not the same: the risk of a “Rule 
by Law” might be overcome if we solve correctly the tension between efficiency and explicability, as I 
will try to show.

8  Analyzing several opposite views on this point, see Buijsman, Klenk & Van Den Hoven (2025, 
p. 63).

9  Floridi cites Beauchamp and Childress (2013). See also the later edition: Beauchamp and Chil-
dress (2019).

10  See Asilomar principles (Future of Life Institute, 2017), Montreal Declaration (Université de 
Montreal, 2017), among others.

11  Floridi (2023, pp. 57 ss.)
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ethical sense of accountability—as an answer to the question “who is responsible 
for the way it works?” The extra principle is required by the fact that AI is a new 
form of agency  12.

The goal of achieving explicability can be approached from two different 
perspectives: the explicability of the system’s functioning and, on the other 
hand, the explicability of the output  13. On one hand, there is the algorithmic 
functioning, which is not only limited to indicating the type of inputs fed 
to the system, but also the statistical and mathematical models effectively 
employed. While achieving this is possible in low-complexity systems (such 
as those based on decision trees), it is no longer the case in high-complexity 
systems, like those being implemented in recent years, many of them based 
on unsupervised machine learning or on neural networks and other complex 
statistical techniques, with results that not even the designer can understand 
or explain. And all this is more complex considering those systems whose 
training is protected by trade secrets, as is the case of ChatGPT, that belongs 
to the company OpenAI  14.

Thus, faced with a reality in which AI systems necessarily have a high 
degree of opacity, various efforts have been made seeking greater understan-
ding and transparency—and, hence, explicability—of the system. This is the 
field of Explainable AI or “XAI”  15. The importance of systems providing an 
explanation or interpretation of their results in a way that generates user un-
derstanding is problematized by XAI  16; but it is not about the systems them-
selves offering explanations of how that result was reached, nor the reasons 
for the system’s decision. It is the human developers of the system themselves 

12  Floridi (2023, p. 57). For a taxonomy of ethical principles (with special attention to AI systems in 
the sphere of justice), see Simón Castellano (2023, pp. 179 ss.), although the author refers to them, not 
without some imprecision, as “legal guarantees.” This point is further developed in Simón Castellano 
(2023a).

On the other hand, it is possible to distinguish the concept of an agent (agency) discussed in the 
philosophy of mind and in psychology, from a more minimalist concept used in computer science. In 
this field, according to Floridi (2023) “ [it] requires that a system satisfies only three basic conditions: 
it can a) receive and use data from the environment, through sensors or other forms of data input; b) 
take actions based on the input data, autonomously, to achieve goals, through actuators or other forms 
of output, and c) improve its performance by learning from its interactions” (p. 10).

Therefore, it is possible to speak of biological agents (a human or a dog), social agents (a company 
or a government), and artificial agents (a bot). Thus, artificial intelligence (in the weak sense) is not 
about creating or reproducing human intelligence, but rather about generating results without it, in 
an ever-increasing number of activities. AI would thus be a new form of agent, but not a new form of 
intelligence (p. 20 ss.). The impact of this new agent in the society, and its ‘normative power’ precisely 
justifies the shaping of ethical principles that regulate that impact. See Lupo (2022).

13  Páez (in press).
14  Páez (in press).
15  Strictly speaking, XAI is a branch of computer science that aims to make opaque models —spe-

cifically their outputs—more explainable, interpretable, and transparent for users. The literature on 
this topic has been growing considerably: See Gunning et al. (2019); Páez (2019, pp. 444 ss.; Paéz, in 
press); Barredo Arrieta et al. (2020); Casacuberta et al. (2024); Buijsman (2022); Boge & Mosig (2025).

16  The various types of XAI models are critically addressed by Páez (2019). Meanwhile, Meert 
et al. (2025, pp. 37 ss.) discuss AI systems designed to bring explicability to otherwise opaque AI 
systems.



6	 RENZO CAVANI

Revista Ítalo-Española de Derecho Procesal	

who must explain (or, if appropriate, justify) to other humans (the users of 
the technology) what they do and have decided to do with the AI  17.

One way to “make explicit” is for the reasons to be contained in statements 
that are part of the system’s output, so that they allow for a proper unders-
tanding of the reasoning carried out by the system. Take, for example, of AI 
systems that work with precedents, serving as a guide for judges to make 
decisions  18. Here it is not enough for the statement to simply say “The case 
should be decided in favour of the plaintiff; to do so, follow precedent X”. It 
must indicate to what extent precedent X justifies deciding the current case in 
favour of the plaintiff, just as a human judge would be expected to do.

It is often said that explicability includes other concepts such as trans-
parency, interpretability, intelligibility, or even accountability. It would ulti-
mately be another way of expressing all of them  19. However, it is possible to 
distinguish at least two different problems surrounding explicability: a) the 
first consisting of accounting for the functioning of a system, which includes 
offering enough information to users, accountability mechanisms, ensuring 
there is no algorithmic discrimination, etc.; and b) the second, regarding the 
possibility of understanding the system’s functioning, the inputs entered, and 
the outputs obtained (which, of course, will be a matter of degree  20). It could 
be said, then, that explaining the system’s functioning, understanding it as 
much as possible, and interpreting it in a sound manner contributes ultima-
tely to achieve explicability. From this perspective, transparency, intelligibi-
lity, and accountability might be understood as instrumental values that aim 
for explicability, with the latter being understood as an end-value. However, a 
conceptual precision is mandatory.

17  As Coeckelbergh (2020) stressed: “Yet if the goal is not to have machines explain, but rather 
demand this from human beings who are able to explain things to other human beings, then there is a 
chance that explainable AI may work. Responsibility then does not mean that one explains everything 
that contributed to the action or decision, but rather that one can know and select what is relevant to 
what the other (human being) wants and needs to know. In the case of AI and other advanced automa-
tion systems, this can be done by humans if and only if (a) those humans are sufficiently supported by 
technical systems that are transparent enough for the (primary) purpose of humans explaining things 
to other humans (there is no demand for absolute transparency here), and (b) those humans are suffi-
ciently willing, capable, and educated to imagine and understand what those affected by the technology 
may ask and demand from them. This can be supported by actually asking stakeholders what kind of 
explanations they actually want and need. The assumption is then that only humans can really explain 
and should explain what they decide and do, and that explanation itself is deeply social and relational 
(p. 2054; the italics are from the author)”.

The author later notes that, in addition to explanations, users would also need reasons, and that, 
in terms of the comprehension requirement, these would function in the same way as explanations.

18  These are systems that have been under development since the late 1980s. For an overview, see 
Bench-Capon (2017); Bench-Capon et al. (2024). For the most recent studies, see Gray, Šavelka, Oliver 
& Ashley (2022, 2023, 2023a, 2024, 2024a); Gray, Li and Ashley (2025); Li, Gray, Šavelka and Ashley 
(2025). These models were the focus of my doctoral thesis, defended at the University of Girona: Cavani 
(2025). See also Cavani (in press).

19  See Floridi (2023, p. 63). In later works the author changed its conceptual view, as we will see 
later.

20  Páez (in press).
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In the case of transparency, understood as the “accessibility of informa-
tion about an IA system’s components and architecture”  21 at the level of bro-
ader discussions on information ethics, it is seen as a condition for achieving 
other values such as accountability, security, well-being, or informed con-
sent  22. In fact, in the field of AI, transparency is a typical case of a condition 
of possibility for other ethical principles; however, complete and total trans-
parency could also be problematic: while it would give users critical informa-
tion about the system’s functioning, it could also overwhelm them, thereby 
generating an unintentional opacity of the system  23, and even increase costs, 
or allow the system to be tricked, generating inequities  24. Therefore, if on one 
hand explicability is an end-value, seen from this perspective, transparency 
could not be. In this view, a certain degree of transparency is a necessary, but 
not sufficient, condition for explicability  25.

There are some AI systems that not only allow the user to understand the 
why of the output’s meaning but also offer justifications; that is, reasons or 
guides employed to reach a certain decision. However, as previously noted, it 
is important to bear in mind that not all explicability is directed at the end-
user, nor is it reduced to offering only justifications.

In fact, explicability can be directed at certain operators who can techni-
cally understand the system’s functioning, and is not limited merely to the 
output itself  26. On the other hand, due to the system’s particularities, there 
will not always be justifications but rather genuine predictions. In fact, not 
every output yields a decision based on reasons  27; it can also provide infor-
mation so that the recipient can make a decision. This is the case with legal 
assistants such as SCOTUS or Lex Machina which, by working with periphe-

21  Buttaboni & Floridi (2026, p. 3). For example, the Asilomar AI Principles, under the heading 
of Ethics and Values, expressly include judicial transparency: “Any involvement by an autonomous 
system in judicial decision-making should provide a satisfactory explanation auditable by a competent 
human authority”. However, here is a conceptual confusion between transparency and explicability, as 
it is common in other legislations, both soft and hard law, and in the scholar literature.

22  Turilli and Floridi (2009, p. 107). More deeply, see Floridi (2012, 2013).
23  Floridi (2023, pp. 98-99).
24  Floridi (2023, p. 99).
25  For Buttaboni & Floridi (2026), transparency and traceability must be distinguished: whilst the 

former means the access to information about the system, the latter presupposes the former, in order 
to understand, from a causal perspective, the system’s processes. According to the authors, “traceability 
presupposes a degree of transparency —namely, access to relevant training data and system architec-
ture—but introduces a temporal and procedural dimension: the capacity to track and reconstruct what 
the system did, when, and why. It transforms static access into dynamic reconstruction, making it 
indispensable for auditability and effective risk management” (p. 5).

26  This is what Buttaboni & Floridi (2026) name interpretability (p. 6).
27  As it seems to be understood by Buttaboni & Floridi (2026), to whom explicability is the capacity 

of justifying an specific outcome to an affected user, allowing her to control and question that assess-
ment or decision. Explicability is, thus, a teleological concept. According to the authors, “a system 
becomes explainable only when it can provide justifications at the appropriate level of abstraction for a 
specific user’s needs and capabilities”; “AIS [artificial intelligence system] is explainable when a system 
provider (e.g., the model developer) generates a justification of the output that provide epistemically 
adequate grounds for the recipient (e.g., the client, regulator, or affected party) to assess, act upon, and 
crucially, challenge that given output” (p. 7).
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ral elements of a case (for example: the name of the judge, the parties, the 
law firms involved, the judicial district where the claim was filed, whether 
there was a settlement and its value), offer information so that a lawyer can 
strategically decide the course of their client’s future case.

In any case, values such as transparency, traceability, or the understanding 
of algorithmic processes by developers do not necessarily lead to explicability 
on the part of the user; that is, they are not sufficient conditions. What is re-
quired is to promote an understanding of the system that allows the user to 
challenge, in a relevant way, the decision that ultimately affects them  28.

It is difficult to achieve a general ethical theory for all systems that use 
AI. As we have seen, there will be some AI systems (at a general level, not 
restricted to legal field) that, due to their own algorithmic design charac-
teristics, will intrinsically generate problems of a lack of transparency and 
explicability. The influencing factors are the human cognitive impossibility of 
interpreting algorithmic models and databases; the lack of tools to visualize 
and understand codes and data; data whose structure does not allow them to 
be read; updates to the models and human influence; the fact that the lack of 
transparency is intrinsic to the system given its self-learning process; and the 
malleability of algorithms due to their reprogramming, which is fundamen-
tal for the improvement of their results, among others  29. And if it is possible 
to know and describe the algorithmic design, considering the technical and 
complexity level with which they are designed, it is also a matter of deci-
ding whether the public whose legal sphere will be affected by the AI should 
know and understand the algorithmic design  30. If the answer is affirmative, 
the additional problem of the degree of knowledge to be promoted among the 
users arises; that is, whether to promote a broad knowledge of the design, 
development, and implementation of the algorithms, or rather a more limited 
knowledge (always based on the premise that transparency, at the level of AI 
ethics, is not an end-value to be achieved in itself  31). Also, it will be influential 
whether such programs are public or private (for the purposes of commercial 
or industrial secrets) and what the specific use of said program would be. 
This point is particularly relevant for what I will argue later.

28  According to Buttaboni & Floridi (2026), this presupposes an epistemic dimension of explica-
bility (pp. 7, 10).

29  Floridi (2023, pp. 97-98).
30  Gina Gioia’s proposal seems somewhat excessive in asserting that the only way to preserve judi-

cial independence is for the judge to exercise “constant control over all phases of the process: from data 
collection, to algorithm programming, up to operational management” (2024, p. 1354). The judge is 
neither a technician nor a software engineer and, as I have been arguing, not even someone with deep 
technical knowledge could comprehend all the phases of an algorithmic process.

31  From a broader perspective, Floridi (2023, pp. 94-95) identifies six ethical concerns in the de-
sign, development, and implementation of AI algorithms. They can be grouped into two domains: 
epistemic factors and normative factors. The first includes problems related to inconclusive evidence, 
inscrutable evidence, and misguided evidence; the second includes unfair outcomes and unintended 
consequences. These five factors lead to hindering “the possibility of identifying a cause for an outcome 
and thus attributing moral responsibility for it” (p. 95). This specific issue constitutes the sixth concern: 
traceability. According to Floridi, opacity or lack of transparency is linked to both normative factors.
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But alongside transparency, it is possible to identify another value linked to 
explicability: controllability. This is particularly relevant when we talk about 
AI systems applied in the field of justice. Controllability requires that the rea-
sons for a certain AI-based decision or action must be understandable so that 
they, in turn, can be challenged by the users or citizens who will suffer their 
effects. Consider the case of a judicial decision. If the judge adopts (or rejects) 
as a premise the reasons offered by the system about the correct outcome of 
the ruling based on comparisons with past cases, then this reason must also 
be subject to control. Although, it is not only a control by the general public 
given the public nature of judicial decisions (which could be resolved through 
periodic audits by the programmers), but also the control through the appeal 
mechanisms made available to the parties who suffer the consequences of the 
said decision. Therefore, controllability is also an instrumental value: the un-
derstanding and control of judicial decisions serve, in turn, to make decisions 
regarding the calculability of the responses of the judges who use the system, 
so that the affected party can achieve a lawful decision through the appeal  32.

4. � RESOLVING THE TENSION? THE CRITERION  
OF THE SYSTEM’S FUNCTION

When it comes to public decisions, as Santosuosso and Sartor indicate, 
it is generally preferable “a system that commits fewer errors versus a more 
fallible system that is capable of providing reasons for its choices”. However, 
as the authors continue,

The requirement to provide explanations is, however, fundamental when the sys-
tem is used for the exercise of functions of public relevance, especially when con-
flicting interests are at stake and the needs for control are preeminent, as is the 
case with administrative action and even more so in the sphere of jurisdiction  33.

It is true that AI systems in the field of justice are inserted into a public 
sphere and, therefore, to a greater or lesser extent, have a great impact on ci-
tizens. However, to resolve the tension between explicability and efficiency, it 
seems to me that the criterion of whether the system is (or not) used to exer-
cise a public function is not sufficient. The reason for this is that it does not 
tell us how explainable the system should be or, which is the same, what degree 
of opacity we should be willing to tolerate for efficiency to prevail. Likewise, 
it does not seem to distinguish between systems applied in bureaucratic pro-
cedures of justice system management and those used in the judicial process; 
and, in this context, there is no distinction between systems applied to proce-
dural or bureaucratic aspects and those that affect the decisional sphere, that 
is, the judge’s own decision-making processes.

32  This is problematized by Bujosa Vadell (2022, pp. 751 ss.).
33  Santosuosso & Sartor (2022, p. 1771). See also Santosuosso & Sartor (2024, p. 47). Later on, 

the authors clarify better their argument concerning the tension between explicability and efficiency.
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Take, for example, AI tools that allow building statistics and predictions 
from the measurement of data collected from various courts and tribunals, 
or instruments that contributes to the selection of personnel to be hired. On 
the other hand, consider systems that help manage cases, that summarize 
hearings, that draft judicial resolutions, those that propose certain measu-
res based on a risk assessment, and also legal assistants that offer reasons 
for deciding. All of them have a more direct or indirect influence on judicial 
decisions that, in the end, will ascertain the legal situation of the parties and 
guide social behaviour.

I think it is of little use to argue, without further ado, that an AI system 
must be transparent or explainable if it is to be used in the field of justice. Ac-
tually, a more precise question is the following: How transparent/explainable 
should that system be? Or, also: To what extent should efficiency be prioritized 
over the possibility of achieving greater explicability? The reason for this is 
that, in general, there is an underlying purpose regarding efficiency in any AI 
system, from a general point of view, and also in any AI system applied to the 
field of justice. No AI system is designed or implemented to increase the costs 
or time dedicated to producing the expected result, nor to generate greater 
effort, for example, by having to review or control everything the system does. 
If a system has any of these effects, it should be discarded.

Nevertheless, this does not mean that, because every AI system has a pur-
pose oriented towards efficiency, the tension between it and explicability 
must be resolved in favour of the former. Like intelligibility or understan-
ding regarding the system’s functioning, the achievement of efficiency is also 
gradual. It is possible, therefore, that this tension might be oriented towards 
explicability, restraining efficiency, but without completely renouncing to it. 
  34 It is also possible to give up explicability to a certain extent, with a greater 
margin of opacity, in order to favour efficiency; but, in the same way, without 
discarding any type of explanation, including the possibility of a general des-
cription of the system’s functioning  35.

But, what would be the criterion for opting for one alternative or the 
other? My proposal is to assume the criterion of the system’s function (that 
is: what is it for?). In general, it is about ascertain the degree of interference 
that the system’s results have on the judge’s decisions throughout the process 
(and not just the final ruling). Thus, the lower the interference, the more effi-
ciency can prevail; in contrast, the more direct the interference, the greater 
the explicability that should be promoted. This lies not necessarily in any 
risk prevention according to the harm the system could cause (although this 

34  Conversely, Gioia (2024, p. 1356) argues: “every system intended to assist judicial activity must 
have a clear and transparent origin, structure, and functioning, and be approved by law in a specific 
rather than generic manner”. Here, the author makes no distinction between systems with greater or 
lesser interference and, in my view, neither does she base her conclusion on the European Regulation, 
which would indeed allow for such a differentiation in terms of high-risk or acceptable-risk systems, 
as we will see later.

35  Santosuosso & Sartor (2024, pp. 132-133).
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could exist); in fact, it has more to do with the duty to provide reasons, that 
is, to justify decisions. This is an activity entrusted to the judge due to a series 
of political agreements on the organization of the system and legal and social 
rules  36. If we have an AI system that facilitates or contributes with informa-
tion, predictions, or reasons so that the judge can fulfil their job of deciding, 
it becomes necessary for the public and the parties to know enough about 
said system. Note that this is even more necessary when an AI system is capa-
ble (partially or totally) automating some reasoning processes that the judge 
executes to shape the justification of their decision, given that the judge could 
confer some auctoritas to the machine or develop a passive submission to it  37.

Once this is defined, it would be appropriate to ascertain the degree of 
explicability that should be achieved: whether of the algorithmic functioning 
itself or of the output; whether a general or an individualized description 
is sufficient; whether it is about an explicability focused on the user of the 
system or if it focuses more specifically on the parties, etc. Likewise, two sub-
criteria for deciding on the degree of explicability could be not to excessively 
compromise the system’s effectiveness nor generate unsustainable costs; that 
is, that they are “compatible with the available resources and with commer-
cialization requirements”  38

An example of systems that are far from conditioning the direction of a 
decision or being, in any way, decisive in the decision-making processes, are 
those intended to improve bureaucratic procedures of the judiciary, to ma-
nage and classify files according to efficiency criteria, distribute workload, 
transcribe hearings, etc  39.

Now take as an example an AI system that reasons based on precedents, 
offering the judge reasons to decide new cases based on factors found in pre-
vious cases  40. Here, undoubtedly, the degree of the system’s explicability will 
depend on the complexity of the technique used, the amount of data involved, 
and the desirable knowledge depending on the target audience (namely, jud-
ges, system users, lawyers, and litigants). This is even more complex given that 
legal knowledge and reasoning itself can become so sophisticated that it is not 
something that can be easily grasped by subjects who are not legal operators.

36  Santosuosso & Sartor (2024, p. 143).
37  Santosuosso & Sartor (2024, p. 143).
38  Santosuosso & Sartor (2024, p. 136). The authors also understand the duty of explicability as a 

best-effort duty.
39  The European AI Regulation is in this same vein: “the final decision-making must remain a 

human-driven activity. The classification of AI systems as high-risk should not, however, extend to AI 
systems intended for purely ancillary administrative activities that do not affect the actual administra-
tion of justice in individual cases, such as anonymisation or pseudonymisation of judicial decisions, 
documents or data, communication between personnel, administrative tasks” (paragraph 61).

This is also remarked by Ariza Colmenarejo (2023, p. 34). Thus, contrary to what Nieva Fenoll 
stresses (2025, p. 13), in this point it is not mandatory to have a “white box”, because of the diminishing 
of the system’s efficiency.

40  As previously remarked, this was my main concern in Cavani (2025). See also Cavani (in press).
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Notwithstanding this, if we are faced with this type of AI system, commit-
ted to providing reasons for a judge to decide, it is necessary to provide suffi-
cient information about the algorithmic functioning of the system as part of 
the public policy for using said model. In my opinion, in terms of explica-
bility, the sufficiency of this knowledge requires that it be rather broad  41. It 
must be explained how the algorithms have been trained; under what criteria 
the dataset has been built; which cases compose it; what factors have been 
designed to represent the cases; the computer science techniques that were 
used must be detailed; and what type of statements the system is capable of 
offering as output. Likewise, it must be made transparent what the user jud-
ge will do, that is, what type of input she will enter into the system; how she 
will be able to control the reasoning operations executed by the system; and, 
above all, how she would incorporate its reasons into her decisions. For this, 
of course, many protocols and regulations designed primarily for the litigants 
will be required  42.

Concerning this requirement of sufficient explicability, AI-based assistants 
that, although capable of offering much more precise and refined reasons, are 
fundamentally opaque and do not allow a reasonable degree of understan-
ding, should be excluded. In fact, just as it is beneficial that more sophistica-
ted techniques be implemented for the algorithm training and the handling 
of data (for example: standardizing the language of decisions for an automa-
ted representation of factors), it is also necessary to develop techniques that 
point towards a high degree of explicability  43.

Thus, faced with an eventual implementation of an AI system that serves 
as a judge’s legal assistant, a necessary requirement to achieve the greatest 
possible transparency and controllability is that the explanation of reasons be 

41  According to Santosuosso & Sartor (2024): “A prediction unaccompanied by an explanation 
may perhaps be sufficient for a party interested in establishing whether it is worth suing or defending 
in court, but not for the judge, who has the duty to decide based on the facts and the law, and to justify 
their decision. However, even for the party, relying on an oracular judgment without being able to know 
and evaluate the reasons supporting one alternative or the other can be quite reckless. At most, it can be 
an input for further consideration. On the other hand, a proposed outcome accompanied by reasons, 
and indeed the identification of multiple alternative outcomes —each accompanied by an assessment 
of its plausibility, probability, and coherence with past decisions—can be useful to both the parties and 
the judge” (p. 130).

42  This is not to say that knowledge regarding the system’s technical functioning—that is, the kind 
understood by specialized developers—should be of secondary importance. This information can read-
ily be presented in a manual or guide designed for non-specialists in computer science, even highlight-
ing certain areas of the system’s opacity.

43  Although this is currently very difficult, it is not impossible (Floridi 2023, pp. 100 ss.). However, 
it must always be considered that “since an ML algorithm learns rules based on statistical regularities 
that may surprise humans, its rules may not necessarily seem reasonable to humans. ML predictions 
are data-driven. Sometimes the data contain features that, for spurious reasons such as coincidence 
or biased selection, happen to be associated with the outcomes of cases in a particular collection. 
Although the machine-induced rules may lead to accurate predictions, they do not refer to human 
expertise and may not be as intelligible to humans as an expert’s manually constructed rules. Since the 
rules the ML algorithm infers do not necessarily reflect explicit legal knowledge or expertise, they may 
not correspond to a human expert’s criteria of reasonableness”. (Ashley, 2017, p. 111).
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made by the system itself  44. At this point an issue of efficiency comes into play. 
It would not be enough for these justifying reasons to be freely reconstructed 
by each of the users, as this would lose the real utility of the computerized 
assistant. The reasons must be contained in the system’s own statements, be 
incorporated (or not) as a premise of the judicial decision when the judge 
constructs the reasoning, motivating why they follow (or not) the system, and 
must be made known to the parties. Thus, without prejudice to the knowled-
ge of the system’s algorithmic functioning, it is necessary to know how the 
system has reasoned in each specific case, being able to access, literally, the 
statements produced as output. This will allow for control over, also: a) the 
type of input introduced by the judge to activate the system; b) the database 
with which the system works; and c) the type of reasoning operations carried 
out by the system for the specific case (specifically: the comparisons and dis-
tinctions made between the current case and the preceding cases).

Finally, a different problem will be the degree of sufficiency of the expli-
cation of reasons in the output. The purpose is to generate a greater unders-
tanding for the user who makes the decision (that is, the judge), the legal 
operator or legal expert, the citizens whose cases will be resolved based on 
decisional premises placed by this system, and also, the general public who 
will evaluate the use and functioning of the system.

5. � CONCLUSIONS

Even if a human-centred AI approach is assumed and we agree on certain 
core principles or values that should guide the design and use of AI systems, 
the demands for efficiency and explicability in the context of justice must 
depend on the program’s function. In this way, systems with more accurate 
predictions that bring greater efficiency could be justified, even if there is 
some sacrifice of transparency and explicability, as could be the case with sys-
tems that organize and classify processes according to certain characteristics 
or that prepare decision templates. As has been seen, this would not apply to 
AI systems that have a more direct impact on the decision because the need 
for justification requires that the functioning of these systems be explained 
to a sufficient degree to understand it and be able to perform control actions.

It is true that so far there is nothing similar to an “automated decision” or 
a “robotic decision” that implies a total replacement of the judge by AI  45; but 

44  This proposal (which cannot be fully developed here) is in line with the Montreal Declaration for 
a Responsible Development of AI (Université de Montréal, 2018), specifically its principle of democratic 
participation.

45  For instance, Luís Greco (2020) argues that the “robot judge” is factually feasible but ethically 
indefensible. The problem with this perspective is that the very concept of a “robot judge” remains 
unclear. Are we referring to a machine capable of completely replacing the human judge? If this is the 
premise, it seems highly unlikely to be achieved given how AI has been structured thus far. To give just 
one example: an AI capable of assessing evidence as we do would need to possess the capacity of repre-
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some reasoning processes can be verified that could be carried out entirely by 
the machine, even if they are under the supervision of the judge. Precisely for 
this reason, it could be said that there is not yet a genuine revolution in legal 
practice; although this does not mean that technology is not advancing and, 
eventually, that AI systems powerful enough to transform the way judicial de-
cisions are justified will be developed. There is no doubt that this will increa-
se the tension between explicability and efficiency (which, in this hypothesis, 
will be enhanced). Faced with this, in my opinion, it is very important to be 
clear about the end-values that AI as a discipline should pursue and, regard-
less of the complexity of the computerized model to be implemented, to try 
to resolve the tension based on the interference it has in the making of the 
judicial decision.

Last but not least, the criterion proposed here—that is, resolving the tension 
based on the system’s degree of interference with the judicial decision—broadly 
aligns with the risk-based approach adopted by the European Artificial Intelli-
gence Act (AIA)  46. While the AIA generally classifies AI systems intended to 
assist judicial authorities in interpreting facts and the law as “high-risk” (Annex 
III, point 8), Article 6(3) introduces an exception for systems that do not “subs-
tantially influence the outcome of decision making” (such as those performing 
narrow procedural or preparatory tasks). Thus, under the AIA framework, AI 
tools with a lower degree of interference in the judge’s reasoning would pose 
a more limited risk, justifying a greater allowance for efficiency over strict ex-
plicability, whereas systems that directly shape the substantive decision would 
demand maximum transparency and human oversight  47.
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