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Abstract
Despite the increasing application of machine learning and NLP methods in the legal domain, there has been
limited effort to enhance the understanding and transparency of these algorithms. This paper addresses this gap
by presenting a survey on Explainable AI (XAI) applied to Natural Legal Language Processing (NLLP). To
our knowledge, this survey represents the first comprehensive examination at the intersection of XAI, Law, and
NLP. Building upon prior surveys focused on partial intersections of these domains, we propose a taxonomy for
classifying papers based on the NLLP task, explanation type, and technique employed. Additionally, we delve into
discussions surrounding Explainable NLLP, considering perspectives related to ethics, current open issues, and
future work. Our analysis reveals that the categorized papers generally do not thoroughly examine the ethical
implications of the explainability principle in NLP within the legal field. Furthermore, they do not discuss the
role and value of explanations nor do they effectively utilize their respective XAI techniques to offer insights into
the limitations of NLP systems.
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1. Introduction

Natural Language Processing (NLP) falls under the umbrella of Artificial Intelligence (AI). It is dedicated
to facilitating interaction between computers and human language. It aims to empower machines to
comprehend, interpret, and generate human language in a manner that is not only meaningful but
also contextually relevant. While there has been substantial growth in the application of Machine
Learning (ML) and NLP methods within the legal domain, often referred to as “LegalAI” [1, 2, 3],
relatively little has been done to enhance the comprehension and transparency of algorithms such as
legal document summarization [4, 5], legal document classification [6, 7], and predictive analytics for
legal outcomes [8, 9, 10, 11].

With the growing power and complexity of ML and NLP algorithms, the demand for transparency
in these systems has never been more critical. Transparency in ML applications entails the capacity
to comprehend, interpret, and expound upon the decisions and predictions made by these algorithms,
a vital aspect within the legal domain. Within this context, Transparency in ML and Explainable
Artificial Intelligence (XAI) are closely intertwined concepts, both striving to render AI and ML systems
more understandable, interpretable, and accountable. Together, they tackle ethical, regulatory, and

Proceedings of the Seventh International Workshop on Automated Semantic Analysis of Information in Legal Text (ASAIL 2025),
16 June, 2025, Chicago, USA
*Corresponding author.
$ lucas.domingues@fgv.edu.br (L. Resck); felipe.moreno@fgv.br (F. Moreno-Vera); tobsv21@gmail.com (T. Veiga);
carlos.malqui@fgv.br (G. Paucar); ezequiel.santos@fgv.br (E. Fajreldines); guilherme.klafke@fgv.br (G. Klafke);
gnonato@icmc.usp.br (L. G. Nonato); jorge.poco@fgv.br (J. Poco)
� https://lucasresck.github.io/ (L. Resck); https://www.fmorenovr.com/ (F. Moreno-Vera);
https://direitosp.fgv.br/en/professor/guilherme-forma-klafke (G. Klafke); https://www.icmc.usp.br/~gnonato/ (L. G. Nonato);
http://visualdslab.com/~jpocom/ (J. Poco)
� 0000-0001-9634-450X (L. Resck); 0000-0002-2477-9624 (F. Moreno-Vera); 0000-0001-6440-5638 (E. Fajreldines);
0000-0002-1088-794X (G. Klafke); 0000-0002-8514-8033 (L. G. Nonato); 0000-0001-9096-6287 (J. Poco)

© 2025 Copyright for this paper by its authors. Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).

CEUR
Workshop
Proceedings

ceur-ws.org
ISSN 1613-0073

published 2026-02-25

mailto:lucas.domingues@fgv.edu.br
mailto:felipe.moreno@fgv.br
mailto:tobsv21@gmail.com
mailto:carlos.malqui@fgv.br
mailto:ezequiel.santos@fgv.br
mailto:guilherme.klafke@fgv.br
mailto:gnonato@icmc.usp.br
mailto:jorge.poco@fgv.br
https://lucasresck.github.io/
https://www.fmorenovr.com/
https://direitosp.fgv.br/en/professor/guilherme-forma-klafke
https://www.icmc.usp.br/~gnonato/
http://visualdslab.com/~jpocom/
https://orcid.org/0000-0001-9634-450X
https://orcid.org/0000-0002-2477-9624
https://orcid.org/0000-0001-6440-5638
https://orcid.org/0000-0002-1088-794X
https://orcid.org/0000-0002-8514-8033
https://orcid.org/0000-0001-9096-6287
https://creativecommons.org/licenses/by/4.0/deed.en


user trust concerns in AI and facilitate the widespread integration of AI technologies across various
fields, particularly in Natural Legal Language Processing (NLLP). Within legal NLP, the fusion of ML
transparency and XAI is indispensable for upholding fairness, compliance, and trustworthiness. This
approach benefits legal professionals, stakeholders, and the public by providing insights into AI-driven
legal decisions and enabling AI’s responsible and ethical use within the legal domain.

Nonetheless, while a few works encompass the study, review, and synthesis of XAI & NLP [12, 13]
or NLP & Law [1, 3], none of these delve into pertinent subjects or trends in XAI, Legal NLP, or the
intersection of both, such as trustworthiness, fairness, and ethics. Hence, we recognize the significance
of investigating Legal, NLP, and XAI. This intersection is paramount because the legal domain imposes
specific constraints and requisites concerning explanations and justifications. In this vein, we advocate
for thoroughly exploring the prevailing trends in techniques and explanations applied in NLLP. To
address this, we present this survey, focusing on covering and addressing these topics and structuring
them through developing a taxonomy rooted in XAI and NLLP. In this work, we treat explainability and
interpretability interchangeably, as it is common in the literature [14, 15], despite existing debate [16].

Main Contributions. This work encompasses a survey focusing on applying Explainable AI in
Natural Legal Language Processing. Additionally, we identify papers that explicitly address ethics,
particularly within the context of XAI. Our primary contributions in this study are outlined as follows:

• We introduce a taxonomy for systematically categorizing papers based on the NLLP task and the
specific type and explanation technique employed.

• We analyze the prevailing research trends in types of explanation and the utilization of XAI.
• We consider perspectives related to ethics in XAI and the legal domain, emphasizing the necessity

of addressing ethical concerns and pointing out current challenges.
• We comprehensively discuss the existing open issues within the realm of XAI applied to NLLP.

2. Previous Surveys

Researchers have made significant progress in summarizing and classifying the forefront of XAI, yielding
an extensive body of literature that addresses this challenge from various perspectives and within
diverse domains [17, 1, 12, 13, 3, 18]. In a recent paper, Schwalbe and Finzel [17] have consolidated all
these prior efforts into a unified taxonomy.

This survey classifies advances in XAI within the specific Natural Legal Language Processing domain.
To our knowledge, this represents the inaugural survey at the crossroads of XAI, Law, and NLP. We
extend upon pertinent prior works that have approached the convergence of NLP and Law [1, 3] and
NLP and XAI [12, 13] to construct a comprehensive taxonomy encompassing XAI, Law, and NLP.

Atkinson et al. [18] analyze explanation methodologies in AI as applied to law. However, their focus
is predominantly on conventional automation-based systems, such as rule- and case-based ones. While
they touch upon explainability in machine learning, it is done with a critical perspective. We delve into
these critiques and their implications in Section 5.

Danilevsky et al. [13] present a survey on applying XAI in NLP. This work is complemented by an
interactive browser-based system for exploring the study [12]. This body of work organizes explanations
and encompasses various modalities through which explanations are extracted and visualized. Drawing
inspiration from Danilevsky et al. [13] efforts, we propose our own taxonomy, particularly concerning
the categorization of explanations (local vs. global, self-explanatory vs. post-hoc) and methods of
explainability (e.g., feature importance, surrogate, among others).

Additionally, some works scrutinize the intersection of NLP and the legal domain, a field referred to
as LegalAI by Zhong et al. [3]. Specifically, this research categorizes and illustrates several methods
based on embeddings and symbols. It also delineates several applications of LegalAI. Finally, Katz et al.
[1] provide a comprehensive overview of the current state of legal NLP. Despite their extensive analysis
of hundreds of related papers, they also propose a broad taxonomy centered around engineering tasks
in NLP.



3. Methodology

3.1. Search for Papers

To curate pertinent literature, we conducted a thorough search using Google Scholar and Semantic
Scholar. Employing keywords such as “xai legal nlp,” “legal nlp,” “legal decision prediction,” “nlp
legal judgment prediction xai,” and “nlp legal judgment prediction interpretable,” without date range
restrictions, we executed the search. The gathered papers underwent screening based on their title,
abstracts, keywords, and full text. Ensuring a focused selection of literature, papers were screened
based on relevance regarding the intersection of XAI, NLP, and Law. For instance, we included any
papers that employed explainability or interpretability techniques to enhance the understanding of NLP
models in legal contexts.

Additionally, we scrutinized the bibliographies of each selected paper from the initial search, incorpo-
rating those identified as pertinent into our list for meticulous examination. Following a comprehensive
review of the selected papers, we arrived at a set of 40 documents, which are thoroughly discussed and
organized within the proposed taxonomy (see Section 3.2). The resulting survey considers works from
a diversity of venues, including the Association for Computational Linguistics Anthology (ACL, AACL,
COLING, EMNLP, NAACL, etc.), AI & Law venues (Artificial Intelligence and Law and ICAIL), and
preprint repositories (arXiv and SSRN).

3.2. Taxonomy

To propose a taxonomy for the convergence of NLP, XAI, & Law, we have built upon prior efforts in
categorizing papers within the realms of NLP & Law and NLP & XAI (Section 2).

Explanation Type: We adhere to the approach outlined by Danilevsky et al. [13] and Qian et al. [12],
organizing explanation methods into the following classifications:

• Local vs. Global: This pertains to whether the explanation is specific to a particular instance or
provides an overview of the model’s behavior across the entire set of instances.

• Self-explaining vs. Post-hoc: This distinguishes whether the explanation is derived directly from
the model or obtained through a post-processing.

It is worth noting that only a limited number of works rely on global explanations (as shown in
Table 1). Consequently, while global explanations constitute a pertinent category, our ensuing discussion
will primarily center on local explanation methods.

Explainability Technique: Diverse approaches exist for integrating XAI methods into a legal NLP
pipeline, encapsulated by the various explainability methods employed. We also draw upon Danilevsky
et al. [13]’s work for classification:

• Feature importance: This XAI method scrutinizes and assigns importance scores to the features
utilized in the prediction process, such as employing attention mechanisms [19].

• Surrogate model: In this approach, another model, typically simpler and interpretable, approxi-
mates the decision-making process of the original model and serves as a stand-in for explanations,
as exemplified by LIME [20].

• Example-driven: Other examples are used to justify the prediction.
• Provenance-based: This method is employed when the decision-making process involves a

sequence of derivation steps, some or all presented as part of the explanation.
• Declarative induction: Human-readable representations like trees [21] serve as explanations in

this category.

It is essential to note that these categories are not mutually exclusive. For instance, the LIME
technique falls under both feature importance and surrogate model. When this happens, we apply the
most pertinent one.



Table 1
Works categorized by the suggested taxonomy of Section 3.2: explanation type, explainability technique,
and NLP task. Works with mentions of ethics are in italic, and works with mentions to ethics in XAI are
in bold.

Explanation
Type

Explainability
Technique NLP Task Representative Works

Local
self-exp.

Provenance-based Classification

Zhao et al. [22], Bhambhoria et al. [23],
Li et al. [24], Lyu et al. [25], Wu et al.
[26], Branting et al. [19], Zhong et al.
[27], Branting et al. [28], Chen et al.
[29], Jiang et al. [30], Ashley and Brün-
inghaus [31]

Feature importance

Classification,
Machine summarization,
Resources,
Text generation

Bertalan and Ruiz [32], Nielsen et al.
[33], Wang et al. [34], Zhou et al. [2],
Branting et al. [19], Chalkidis et al. [35],
Malik et al. [36], Norkute et al. [37],
Branting et al. [28], Caled et al. [38],
Ye et al. [39]

Declarative induction
Classification,
Resources,
Text generation

Mumford et al. [40], Ye et al. [39]

Surrogate model
Classification,
Information retrieval,
Resources

Resck et al. [41]

Local
post-hoc

Surrogate model
Classification,
Information retrieval,
Resources

Benedetto et al. [42], Resck et al. [41],
Bhambhoria et al. [43], Domingues [44],
Górski and Ramakrishna [45], Rabelo
et al. [46], Rabelo et al. [47], Chhatwal
et al. [48]

Feature importance

Classification,
Information retrieval,
Machine summarization,
Resources

Valvoda and Cotterell [49], Semo
et al. [50], T.y.s.s et al. [51], Górski
and Ramakrishna [45], Malik et al. [36],
Norkute et al. [37], Mahoney et al.
[52], Waltl et al. [53], Górski et al. [54],
Landthaler et al. [55]

Declarative induction Classification de Arriba-Pérez et al. [56]

Example-driven Classification Valvoda and Cotterell [49]

Global
self-exp.

Feature importance Classification
Medvedeva et al. [57], Strickson and
De La Iglesia [8], Aletras et al. [11]

Declarative induction Classification
González-González et al. [21], de Arriba-
Pérez et al. [56]

NLP Task: Research at the intersection of NLP and Law leverages NLP techniques to address legal
challenges. Hence, it is crucial to classify these studies based on their specific NLP tasks. We employ the
comprehensive and succinct taxonomy proposed by Katz et al. [1, Table 1] for this purpose. However, our
analysis revealed that most of the works fall within the "Classification" category, encompassing Outcome
Prediction, Legal Area Classification, and Topic Modeling. It is worth noting that this prevalence is not



arbitrary. While Katz et al. [1] presents a broad spectrum of legal NLP tasks, those beyond classification,
machine summarization, and text generation, such as “resources,” tend to be less reliant on machine
learning, if not entirely independent. Consequently, they pose challenges when applying XAI methods.
Conversely, machine summarization and text generation are comparatively less common [1].

Nonetheless, certain studies (e.g., 41) are labeled with additional categories beyond classification,
such as information retrieval and resources. A few others are labeled independently of classification,
such as machine summarization [33] and text generation [39].

Ethical Issues: The ethical implications of applying machine learning to NLP are paramount, particu-
larly concerning the choice of explainability methods. We identify studies that address these ethical
concerns, emphasizing those that do so within the context of XAI.

4. Taxonomy Discussion

This section offers an overview of the primary XAI techniques employed in each respective XAI type.
It is worth noting that the global post-hoc XAI type is omitted due to its absence in the reviewed
literature. Furthermore, we present noteworthy observations applicable to all the examined studies.
Table 1 thoroughly categorizes the works based on the XAI type, explainability method, and NLLP task.

4.1. Local Post-hoc

This XAI type encompasses notable XAI techniques such as LIME and input gradient methods, including
Integrated Gradients [58] and Grad-CAM [59]. Recent studies employing LIME include those conducted
by Resck et al. [41] and Bhambhoria et al. [43]. Similarly, Benedetto et al. [42] and Semo et al. [50]
have undertaken investigations utilizing input gradient techniques. In several studies within this XAI
type, researchers have employed a combination of or explored at least two different approaches (types
or techniques) to provide explanations, e.g., Górski and Ramakrishna [45] and Norkute et al. [37].
Noteworthy is the work by Benedetto et al. [42], which distinguishes itself by offering explanations
at the sentence level and by conducting comparisons against ground truth. Conversely, other works
primarily generate explanations at the word level.Information retrieval frameworks, e.g., text similarity,
are employed by Resck et al. [41] and Landthaler et al. [55] — the retrieval is explained with additional
text similarity and LIME, respectively. In machine summarization, Norkute et al. [37] also explore
whether adding textual similarity highlights as an explanation can help users evaluate the summarization
of legal documents.

In one particularly interesting approach, given a primary model tasked with a main classification,
a secondary model autonomously computes additional pertinent classes or text segments capable of
elucidating the prediction. Representative works have emanated from the competitions COLIEE 2019
[47] and 2020 [46]. Due to the independent nature of the secondary model from the main model’s
predictions, the former can generate predictions in advance of the latter. Consequently, the nomenclature
post-hoc may not entirely encapsulate the essence of this technique.

4.2. Local Self-explaining

This XAI type primarily employs attention weights of deep learning architectures, e.g., Transformer-
[22] and LSTM-based [38] models, as its main approach — an exception is the work by Zhou et al.
[2], which employs classifier weights, commonly used by global explanations but aiming individual
samples. Typically, local self-explaining methods, except for provenance-based, emphasize the word
level [32, 41, 33, 38]. However, in the study by Zhao et al. [22], attention scores are sometimes extended
to encompass entire sentences, thereby providing an alternative explanation at the textual level. For
instance, a whole factual statement may be deemed significant at the sentence level. In contrast,
mentioning a concept may hold importance at the word level.

In the context of legal summarization, Nielsen et al. [33] and Norkute et al. [37] have explored the
use of attention highlights as explanations. When evaluating legal document summarization, attention



highlights improved completion time, trust, and preference [37]; the use of attention highlights did not
affect the temporal allocation of user attention, but spatiotemporal allocation has evidence of being
affected [33]. Similarly, Ye et al. [39] explored attention scores to interpret the text generation of court
views, which are analogous to natural language explanations for charge predictions.

In a different approach, secondary models predict other relevant and interpretable labels, which
subsequently serve as features for the primary model responsible for the main prediction task. This
approach encompasses a substantial body of work [25, 26, 23, 27, 31] and is a subset of provenance-based
methods.

4.3. Global Self-explaining

While less commonly observed in the reviewed literature, this XAI type offers valuable insights. Aletras
et al. [11] and Medvedeva et al. [57] employ the feature importance of an SVM model, achieved through
an analysis of the SVM kernel weights. Similarly, de Arriba-Pérez et al. [56] and González-González
et al. [21] leverage declarative induction within a Random Forest model. This entails identifying,
for any given class, all the tree paths from root to leaf that contribute to the score of the respective
class. Both methodologies apply the models to text that has undergone preprocessing using TF-IDF.
Additionally, Strickson and De La Iglesia [8] directly analyze the most important TF-IDF features. The
inherent simplicity of these techniques plays a crucial role in generating thoroughly explainable models.
Remarkably, they consistently demonstrate commendable performance despite the anticipated trade-off
between interpretability and performance [60, 61, 62].

5. Ethics Discussion

In this work, we identify papers that explicitly address ethical concerns, particularly within the context
of XAI (Section 3.2). This section discusses these works, the necessity of addressing ethics in XAI, and
the ethical implications of applying XAI in the legal domain.

5.1. Ethics Mentions

The ongoing discourse on ethics guidelines for developing and operating AI systems emphasizes
the importance of explainability, transparency, and accountability as ethical principles within the AI
domain. Systematic and scope reviews substantiate that these principles rank among the most frequently
referenced in this field [63, 64, 65]. Floridi and Cowls [66] assert that “explicability,” construed as
“intelligibility” and “accountability,” stands as the singular novel structural principle that has been
appended to the established quartet of bioethics principles — “beneficence, non-maleficence, autonomy,
and justice.”

Given the prominence of these ethical tenets, it is surprising that only ten papers broach the ethical
implications of AI applications, with a mere five specifically addressing the ethical facets of XAI
[42, 33, 26, 27, 49]. Among these, two delve into how their proposed XAI solutions ameliorate ethical
concerns, particularly about fairness and non-discrimination in legal cases, outperforming similar
techniques [42, 27]. Wu et al. [26] proactively include a disclaimer elucidating that their framework
ought to be perceived as an auxiliary tool for judges rather than an automatic decision-making system,
a distinction made on ethical grounds. Valvoda and Cotterell [49] suggest careful use of their work to
automate legal decisions, given that their results indicate unaligned precedents between models and
judges. Nielsen et al. [33] call for legal ethicists’ attention to a specific experimental result.

It is non-trivial to point out why most categorized papers do not fully address the ethical concerns of
their works in a domain as sensitive as law. Perhaps the lack of ethical discussions is due to the focus on
technical aspects, which is the main goal in NLP and machine learning and could erroneously indicate
that no ethical issues exist [67]. Additionally, authors may be discouraged by the lack of a dedicated
space in targeted venues. For instance, there was no extra space for ethical considerations, limitations,
and impact statements in *ACL publications until 2021 [67].



5.2. Ethical Implications

Notably, the categorized papers generally do not furnish exhaustive accounts of the ethical implications
of the explainability principle in the context of NLP within the legal domain. For instance, there exists
potential for discerning between a “legal explanation” and a “model explanation” (refer to Section 6.1),
given the longstanding academic discourse on what constitutes sound legal reasoning or a morally and
legally sound decision. This discussion is introduced by Atkinson et al. [18]1, in alignment with Robbins
[68], who provides a more nuanced perspective on the “explicability principle” itself and critiques the
prevailing notion that it should encompass an explication of the algorithm’s decision-making process.
The author contends in favor of elucidating results rather than processes. Subsequently, Robbins [68]
expounds on two overarching approaches to XAI and addresses certain misconceptions about this
principle. Even the critiques articulated by Robbins [68] and Atkinson et al. [18] do not fully establish
the value of an explanation in the realm of legal decision-making (Section 6.1).

Additional challenges and considerations in explaining AI within the legal domain include the need
for judges to maintain control over automated decision-making systems and fully understand their
processes [26]. This requirement is critical for AI models to function as supportive tools rather than
replace human judgment, thereby reducing the risk of discrimination and bias inherent in models
and datasets, which can be particularly damaging in sensitive areas such as family law. Ensuring
transparency and fairness in legal case decisions is essential to avoid unjust outcomes [42, 27].

6. Open Issues and Future Work

Despite advances in XAI within NLLP, several unresolved challenges persist. This section outlines some
of these issues and suggests potential research directions. We explore the role and value of explanations
in the legal domain, propose ways to enhance NLP systems using explanations, and highlight limitations
in the current literature.

6.1. Role and Value of Explanations

Researchers exert significant efforts to keep XAI in step with the dynamic landscape of NLP. However,
a more concerted endeavor must contemplate XAI’s role and implications in the specific legal domain.
Explanations are central in most automated decision regulations [63, 64, 65], being deemed critical
for ensuring quality control, accountability, and justice [66]. The ethical consequences of algorithms
impacting decisions on critical legal matters make the need for clear and interpretable explanations
even more pressing, as they help alleviate moral concerns. Explanations are pivotal for several legal
stakeholders: they empower judges in their decision-making process [26], assist lawyers and other
experts in the analysis of court understandings [41], support the evaluation of AI systems by model
creators [37], and provide users with the ability to understand AI-driven decisions, supporting the
“right to explanation” [69] or model trust. However, this area remains underexplored in the literature.
While complex, a stronger focus on XAI’s legal and ethical implications could enhance its perceived
importance and the resources devoted to advancing it.

XAI aims to elucidate how or why the algorithm arrives at a specific conclusion as we understand it.
Although this conclusion may align with or contribute to a legal evaluation, the factors influencing
algorithmic decisions often diverge significantly from the reasoning employed by legal practitioners.
For instance, an AI model’s decision-making process may differ from a judge’s, even though they can
agree on the decision itself. This discrepancy raises a fundamental question regarding the role of XAI
within the legal framework: Should explanations be confined to ensuring the decision is robust, meaning
any other legal operator would arrive at the same conclusion, or should they also provide insights
into the critical legal factors at play? In other words, should the explanation elucidate the juridical
reasoning or the machine learning model’s decision-making process? The former is indispensable to
legal reasoning, given that societal shifts or alterations in the interpretation of legal principles may lead
1Not categorized as it is a survey.



to different conclusions compared to well-established legal precedents. Meanwhile, the latter is crucial
for understanding the model’s inner workings and ensuring that it is not biased or discriminatory
[42, 27]. In this sense, Atkinson et al. [18] and Robbins [68] argue that the explanation should focus
on elucidating the legal outcome rather than the AI’s internal processes. To affirm this, Robbins [68]
assumes that the only object that requires an explanation is the juridical decision. However, as we argue
in this work, an explanation has more validity than simply justifying a legal decision and is essential
to different stakeholders. Understanding both the legal reasoning and the model’s decision-making
process is crucial for ensuring transparency, accountability, and trust in AI systems.

6.2. Directions for Improvement with XAI

Most studies reviewed do not leverage XAI techniques to expose the limitations of NLP systems. A
notable exception is Bhambhoria et al. [43], where the authors observe that the Longformer model
[70] exhibits higher unreliability and susceptibility to spurious correlations compared to the XGBoost
model [71] despite the former’s greater accuracy. Ideally, XAI insights could be used to identify specific
scenarios where an NLP model excels or struggles. This would allow researchers to improve model
performance while providing users with crucial information about the contexts in which the model is
most dependable — a particularly important consideration in the legal domain, where the stakes of a
model’s failure can be significant.

Further insights into the limitations of NLP systems could be gleaned by incorporating model
confidence scores into the analysis, especially given that most works fall under the “Classification”
category (Table 1). Understanding a model’s limitations within this context is of paramount importance.
An instance of misclassification with low confidence is expected. Conversely, a misclassification by an
overconfident model poses greater risks. With the aid of XAI techniques, the former can be linked to a
deficiency of relevant features for the model. In contrast, the latter can be attributed to a feature that
the model misuses, potentially revealing issues in the training process or model selection. Moreover,
confidence scores play a crucial role in score calibration, a vital aspect of providing users of an NLP
system with interpretable probabilities of model accuracy. Unfortunately, not all models exhibit well-
calibrated curves, presenting a challenging hurdle. Thus, demonstrating the relevance of calibration
methods and results in the context of XAI is imperative. Most of the reviewed works make no mention
of this crucial aspect — notable exceptions are Resck et al. [41] and Semo et al. [50]. Accurate probability
estimates from machine learning classifiers help legal stakeholders assess their confidence in the model’s
decisions, preventing overreliance on incorrect predictions.

6.3. Limitations

Several limitations in the reviewed literature are worth highlighting. A key issue is the limited number of
works focusing on global explanations, particularly the absence of global post-hoc explanations, which
are crucial in XAI. Such explanations are essential because global methods can help users understand
the model’s behavior in general, which is important for legal stakeholders. Post-hoc methods are
ideal for black-box models that are not inherently interpretable. Other surveys, such as the one from
Danilevsky et al. [13], have also pointed out the scarcity of global explanations. Normally, post-hoc
explanations — such as LIME [20], SHAP [72], and input gradients [58] — are employed to explain the
model’s decision-making process using a specific sample, which may partly explain the absence of
global post-hoc explanations.

Another area for improvement is the evaluation of explanations in NLLP. While benchmarks for
explanations exist [73], they are not standardized, especially within the legal domain. The lack of a
consistent benchmarking framework hinders evaluating, validating, and comparing different explanation
methods. This is a significant gap that needs to be addressed to advance the field. Finally, the effectiveness
of certain types of explanations, such as attention scores, widely used by local self-explaining methods
[32, 34, 22, 33, 37, 28, 38, 39], has been debated in previous work [74, 75].



7. Conclusion

This paper presents a comprehensive survey on the intersection of Explainable AI and Natural Legal
Language Processing. We compile a wide range of studies that apply explainability techniques to NLLP
tasks and categorize them based on a taxonomy derived from previous research, including explanation
types, techniques, and NLP tasks. Through this categorization, we identify trends in how XAI is
being applied to NLLP. We also explored works incorporating ethical considerations and discussed
the implications of using XAI in the legal domain. Our findings indicate that most papers do not fully
address the ethical concerns associated with their research. We outline the challenges and emphasize
the need to prioritize ethical considerations when applying XAI to legal contexts. Finally, we discussed
open issues and proposed directions for future research, particularly focusing on the role and value
of explanations in the legal domain and potential strategies for enhancing NLP systems with more
effective explanations.

Declaration on Generative AI

AI tools (e.g., Gemini) were employed to assist with specific tasks, including text refinement, enhancing
overall workflow efficiency. The authors meticulously reviewed all AI-assisted outputs and bear full
responsibility for the final content of this manuscript.
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