Computer Law & Security Review 52 (2024) 105904

Contents lists available at ScienceDirect

Computer Law & Security Review: The International Journal
of Technology Law and Practice

journal homepage: www.elsevier.com/locate/clsr

Check for

An entity-centric approach to manage court judgments based on Natural o
Language Processing

Valerio Bellandi #', Christian Bernasconi ™!, Fausto Lodi !, Matteo Palmonari >!,
Riccardo Pozzi ™!-*, Marco Ripamonti >, Stefano Siccardi '

a Computer Science Department, Universita degli Studi di Milano, Via Celoria 18, Milan, 20122, MI, Italy
b Dipartimento di Informatica, Sistemistica e Comunicazione, Universitd degli Studi di Milano Bicocca, Viale Sarca, 336, Milan, 20125, MI, Italy
¢ Consorzio Interuniversitario Nazionale per UInformatica, Via Ariosto, 25, Rome, 00185, RM, Italy

ARTICLE INFO ABSTRACT

Keywords: In this paper, we present an entity-centric infrastructure to manage legal documents, especially court
Legal knowledge extraction judgments, based on the organization of a textual document repository and on the annotation of these
Semantic search documents to serve a variety of downstream tasks. Documents are pre-processed and then iteratively annotated

Named Entity Recognition

. using a set of NLP services that combine complementary approaches based on machine learning and syntactic
Zero-shot learning

rules. We present a framework that has been designed to be developed and maintained in a sustainable way,
allowing for multiple services and uses of the annotated document repository and considering the scarcity of
annotated data as an intrinsic challenge for its development. The design activity is the result of a cooperative
project where a scientific team, institutional bodies, and companies appointed to implement the final system
are involved in co-design activities. We describe experiments to demonstrate the feasibility of the solution and
discuss the main challenges to scaling the system at a national level. In particular, we report the results we
obtained in annotating data with different low-resource methods and with solutions designed to combine these
approaches in a meaningful way. An essential aspect of the proposed solution is a human-in-the-loop approach
to control the output of the annotation algorithms in agreement with the organizational processes in place in
Italian courts. Based on these results we advocate for the feasibility of the proposed approach and discuss the
challenges that must be addressed to ensure the scalability and robustness of the proposed solution.

1. Introduction References to entities such as organizations, persons, locations,
dates and money? play an important role in these documents: the

Legal documents, especially court judgments and similar resolutions extraction, consolidation and storage of these references in the form
such as orders, contain information that is valuable in multiple appli- of metadata and annotations can support many of current and future
cations (from legal case retrieval to legal process analysis), for different applications. For example, considering entities in a faceted search
purposes (from the comparison with similar cases for uniform judg- application [2] can help users retrieve legal cases they are interested
ments to discovering trends for specific legal subjects, e.g., counting the in (e.g., “find all judgments that mention the Wells Fargo bank”) or
average maintenance in relation to economical conditions of the part- locate specific entities in long judgments (e.g., “find all occurrences

ners in divorces), and stakeholders (from judges to law administrators,
lawmakers, lawyers, scholars, and the general public). For the sake of
simplicity, in the rest of the paper, we will use “judgements” to indicate
also similar documents. Several applications, e.g., legal search engines,
are already in place, but recent advances in data management, Natural
Language Processing (NLP), and Machine Learning (ML) are dramati-
cally transforming legal text processing, promising more powerful or
completely novel functionalities in legal applications.

of Jane Smith in a judgment consisting of several pages”); studying
the relation between maintenance and economical conditions of the
partners can be better supported by extracting all references to money
in the judgment; studying trends at the regional level can be better
supported by extracting addresses in multiple judgment. Solutions to
extract information from legal documents have in fact a long tradition
and are attracting an even increased interest [3].

* Corresponding author.
E-mail address: riccardo.pozzi@unimib.it (R. Pozzi).
1 All authors contributed equally.
2 In this paper we refer to the broad interpretation of “named entities” that is commonly used in the NLP community [1]
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Fig. 1. A sketch of the result of entity extraction and knowledge consolidation. Mentions of e
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i In the case of Mr. Benjamin Parker, -
i versus Lumina Financial and Mr. ~*~
1 David Anderson. Mr. Parker sought

f restitution for an unauthorized transfer
5 of $50,000 from his account with

1 Lumina Financial to an external Wells

ia Cityville [...]
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1) Lumina Financial to reimburse the |
Plaintiff $50,000 and associated )
costs. 2) Lumina Financial to enhance
internal protocols within 90 days to

prevent future incidents. )
3) Appropriate actions against Mr.
David And n, as per Lumina |
Financial's policies.

[:] Law Article E] Miscellaneous

Lumina Financial

D Date

ntities described in background knowledge bases are linked (links are shown explicitly).

Mentions of the same new entities are clustered (links between the mentions and the new entities are persisted but omitted in the figure).

Many approaches have been proposed to extract abstract con-
cepts [4] or named entities [3]. However, most of the existing ap-
proaches (see also Section 2.2) addressed only the identification and
classification of entity mentions within each document (e.g., the se-
quence “Ms. Jane Smith” refers to an entity of type “person”), a task
known as Named Entity Recognition (NER). However, NER alone falls
short of guaranteeing certain functionalities. For instance, while NER
can identify and classify entities such as persons or organizations within
a text, it does not provide the capability to determine which of these
mentions correspond to the same entity. As a consequence, it would
not be possible to develop some of the search functionalities discussed
before (e.g., find all occurrences of Jane Smith in one or multiple
judgments). To support similar functionalities, an additional knowledge
consolidation process is required. Such a process can be realized by
assigning each entity mention an entity identifier, which represents
the entity the mention refers to. The application of this entity-centric
knowledge consolidation process to legal documents and, in particular
to court judgments, has been limited so far.

Also, most of the existing work has focused on algorithms for entity
extraction without discussing which kind of software architectures
should be developed to implement the extraction processes and manage
the data generated thereof.

The main objective of this paper is to investigate the feasibility and
implications of supporting entity-centric data enrichment and manage-
ment for legal documents, focusing on court judgments, and addressing
two specific research questions.

1. RQ1 - Can we exploit algorithms that not only find and classify
entity mentions but also consolidate the extracted information
by grouping entity mentions referring to the same entity, there-
fore supporting entity-centric data management in downstream
applications?

. RQ2 - Which architectural design can ensure the scalability, ex-
tensibility, and availability of entity extraction and consolidation
processes in the context of court judgments and downstream
applications that rely on annotated documents?

In the paper, we provide a few contributions to answer these
research questions. The main idea behind our paper is exemplified in
Fig. 1. The figure depicts two fictional judgments and three background
KBs: Wikipedia, the geo-coordinate system (geocoding addresses re-
turns points in this system), and a law database; extracted entity
mentions are highlighted in different colors depending on their type;
after knowledge consolidation, a set of entities appearing in the judg-
ments are identified, some belong or are linked to the background KBs,
and some are new entities specific to the processed judgments.

In relation to RQ1, we propose an entity extraction approach that
supports entity-centric knowledge consolidation by exploiting back-
ground information sources that provide global, canonical, entity iden-
tifiers when possible (e.g., geographic coordinates, web identifiers
of law articles, Wikipedia webpages), and introducing novel entity
identifiers for entities not described in the background sources. While
most of the entities, especially persons and organizations, fall in the
latter case, canonical links cover 22% of persons, organizations, and
locations in the data used in our experiments. To implement this
approach, we develop and evaluate a pipeline that uses ML-based and
rule-based algorithms to identify and classify entity mentions, predict
links to canonical identifiers, and cluster mentions that are not linked
and therefore represent “novel” entities. The pipeline is based on
approaches proposed in previous work [5-7] but the main focus of
this paper is to provide an in-depth analysis of its performance on
court judgment data, which, to the best of our knowledge, has not
been attempted before. To this end we have developed a gold standard,
which we document in the paper; while the gold standard cannot
be shared because of data sensitivity reasons, our methodology can
be replicated on other similar datasets. The results suggest that the
maturity of NLP technologies is quite close to supporting full-fledged
entity extraction and consolidation for similar legal data. However, a
few challenges — discussed in the paper — must be addressed to deliver
solutions that can be really adopted in courts and trials at the national
level.

In relation to RQ2, we propose an architecture that is intended to
capture domain requirements collected in the context of two projects
developed in cooperation with or funded by DGSIA® and the Ministry
of Justice. In particular, our proposal is aimed at supporting entity ex-
traction and consolidation, explicitly considering: access to the different
information pieces that compose the enriched data (e.g., search), the
revision of the output of the algorithms in a human-in-the-loop fashion,
the addition and modification of processing components in a modular
fashion (extensibility), and the scalability of algorithm execution.

The paper is structured as follows: we begin by discussing related
work in Section 2 and the data used in our work in Section 3. In
Section 4, we describe the pipeline proposed for addressing RQ1, while
Section 5 covers the architecture proposed for addressing RQ2. Our
experiments are detailed in Section 6. Finally, we discuss conclusions
and future work in Section 7.

3 The institutional body that manages the information systems of the
Ministry of Justice.
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2. Related work

We organize the discussion about related work in three sections. In
Section 2.1, we introduce the conceptualization of entity extraction and
knowledge consolidation approaches into a set of different tasks and
discuss the latest advancements without specific reference to the legal
domain. In Section 2.2, we discuss the application of entity extraction
and knowledge consolidation approaches in the legal domain. In Sec-
tion 2.3, we discuss architectures proposed to support these approaches
in the legal domain.

2.1. Entity extraction and knowledge consolidation: Tasks and approaches

In the literature, the extraction of entity mentions from text and
the subsequent knowledge consolidation process are often conceptually
divided into different tasks [8].

The Named Entity Recognition (NER) task consists of the identifi-
cation of the sequences of tokens that correspond to entity mentions
(spans) and the classification of these mentions into a predefined
set of classes (e.g., “person”, “location”, and ‘“organization”); most
recent approaches treat the task as a supervised sequential classification
problem, often leveraging pre-trained large language models as feature
extractors.

Several approaches consider also the problem of consolidating the
extracted entity mentions to identify which ones refer to the same
entities, which we refer to as the knowledge consolidation problem.
Some approaches propose to consolidate knowledge by clustering the
entities found [9] without exploiting any background Knowledge Base
(KB), while most of the approaches exploit background KBs [5-7]
to improve data integration by interlinking documents referring to
entities described in these KBs. The latter approaches have also the
advantage that they make it possible to exploit the vast amount of
knowledge stored in KBs to further enrich the data (for example,
entities in Wikipedia are classified into categories). In our work, we
choose this second KB-supported approach and use the conceptual
framework proposed in Knowledge Base Population track of the Text
Analysis Conference’s (TAC-KBP)* [8]. In this framework, three sub-
tasks are considered: Named Entity Linking, NIL Prediction, and NIL
Clustering. Despite the terminology may slightly change, these tasks are
implemented in similar approaches to knowledge consolidation [5-7].

Named Entity Linking (NEL) consists of linking entity mentions to
their corresponding entities in the KB, e.g., the mention “Wells Fargo”
corresponds to the Wikipedia entity described in the page https://
en.wikipedia.org/wiki/Wells_Fargo (all the examples here are referred
to Fig. 1). It is possible, however, that an entity mention refers to
an entity that is not present in the KB, in which case, it should be
tagged as NIL (“Not in Lexicon”). This task consisting of predicting
whether an entity is NIL, sometimes interpreted as sub-task of NEL,
is frequently referred to as NIL Prediction; for example, NIL prediction
should tell for all mentions which should be linked, e.g., each mention
of “Cityville”, and which should not and tagged as NIL, e.g., each
mention of “Jane Smith”. While in KB-supported consolidation all
mentions linked to some KB entity (e.g., the mentions of “Cityville”)
are implicitly clustered, NIL entity mentions (e.g., the mentions of
“Jane Smith”) are not; therefore a final task consists of NIL Clustering,
i.e., clustering all the NIL entity mentions that refer to the same entity.
In the example shown in Fig. 1, this KB-supported knowledge consoli-
dation process is expected to extract mentions of five entities described
in two different KBs (Wikipedia and a database of Law Articles) and
mentions of eight new entities. It is worth observing that while NIL
Prediction and NIL Clustering received less attention than NEL until a
while ago (e.g., see [10]), the interest in these tasks has significantly
increased in recent work [6,7], because of their centrality in entity

4 https://tac.nist.gov/
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extraction frameworks. In the following paragraphs, we briefly describe
recent developments related to each of these tasks regardless of their
application to the legal domain and summarize the relation between
these developments and the approaches used in our paper.

NER. Several approaches based on rules or machine learning with
manually engineered features have been developed and are still deemed
to be helpful in practice for some types of entities, which are named
using a set of known patterns [11]. However, latest NER approaches
exploit deep learning methods possibly combined with conditional
random fields (CRFs) [11]. Word and character embeddings provide
valuable features to support a NER classifier, which performs a se-
quence tagging task. The leading approach on the CoNLL2003 NER
benchmark for the English language obtains an F; score of 94.6 us-
ing a mix of character-based, contextualized, and non-contextualized
embeddings [12].

However, recent work showed BERT models [13] outperform CRFs
on Italian NER datasets considering the types “person”, “organization”,
and “location” [14]. In our work, we test the combination of exist-
ing NER models for the Italian language based on rules, CRF, and
contextualized word embeddings, pre-trained and fine-tuned.

NEL. In the last decade, techniques for NEL began using representation
learning to obtain dense representations of mentions (in their context)
and entity descriptions and compute their similarity scores [15,16].
Attention mechanisms and transformers [17] have improved techniques
based on dense representations, leading to the emergence of the bi-
encoder and cross-encoder paradigms for dense-retrieval and candidate
re-ranking, respectively. These paradigms have been deeply explored in
BLINK [10] and extensively used afterwards [5-7]. Lately, some novel
NEL paradigms are emerging: autoregressive entity linking [18] and
extractive entity linking [19]. In our work, we use a bi-encoder based
on BLINK, trained on the Italian Wikipedia, which, as we argue later on
in the paper (see Sections 4 and 6) provides a good trade-off between
performance and scalability [7].

NIL prediction. NIL prediction approaches, many originating from TAC-
KBP, include techniques such as setting a score threshold on the NEL
score, incorporating an extra class for NIL, and utilizing a binary
classifier with the linking score and additional features as input [11].
More recently, the task has been addressed in two kinds of approaches
based on BLINK and evaluated on English benchmarks: the first kind
considers BLINK scores as features to classify mentions as NIL [5,6]
(see Section 4 for more details), while the second one clusters the
mentions’ representations to detect NIL entities [7]. A performance-
wise comparison of the two approaches is not available. In our work, we
use the first kind of approach because it can be executed on individual
mentions avoiding clustering.

NIL clustering. Several NIL Clustering approaches derive from TAC-KBP
editions, including methods based on lexical similarity [20], character
or word-based embeddings [21], or the combination of hand-crafted
features and word-embeddings [22]. NIL clustering is similar to coref-
erence resolution, a task consisting of identifying mentions (NIL and
non-NIL) that refer to the same entity. Indeed, most recent NIL clus-
tering approaches [6,9] derive from this thread. In our work, we use
a method specific for NIL Clustering that combines BLINK-based dense
representations (as used in the latter approaches) and lexical features
(as used in the first approaches) [5].

2.2. NLP, entity extraction and knowledge consolidation in the legal domain

Several approaches based on NLP have been proposed to improve
the management of legal documents in different use cases [23], in-
cluding legal case summarization [24] and retrieval [25,26], legal rule
extraction [27], and data management for criminal investigations [28—
30]. The approaches proposed for criminal investigations are based
on entity-centric data management principles; therefore, they apply
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entity extraction techniques and, in some cases, describe downstream
applications where the extracted entities are used to support faceted
search engines [28]. However, these approaches apply entity extraction
to sources that are relevant for the investigations (e.g., scraped web
pages, images, police reports) but not proper legal documents like court
judgments, which represent specific legal language distributions. Also,
one of these approaches [28] does not apply end-to-end entity extrac-
tion pipelines for generic entities as we do in our work, but focuses on
specific pattern-based extraction rules. The approach proposed in [30]
admittedly discusses preliminary experiments and baseline algorithms.
Our work takes inspiration from these approaches, especially in terms
of data management principles and background architecture, but we
target different types of data, especially court judgments; with respect
to [30], we also use novel algorithms and a more solid evaluation.

Several approaches have focused on the application of entity extrac-
tion to legal data similar to ours, and, specifically, court judgments.
Most of these approaches have applied NER techniques, which support
a variety of downstream applications including anonymization, an
objective of interest for most legal systems worldwide. A thorough
review of previous work on NER applied in the legal domain can be
found in [3]. In order to avoid manual labeling, an approach developed
for Indian Supreme Court Judgements adopts a rule-based approach to
information extraction [31]; it classifies entities into domain-specific
types and extracts relations based on a custom ontology. The approach
has been evaluated on five judgments, obtaining high precision but
very limited recall for most of the entity types, a known bottleneck of
rule-based methods. However, combining different algorithms, includ-
ing rule-based ones, was found to be beneficial for NER in the legal
domain [32,33]. In our paper, we evaluate several NER algorithms
that can be considered competitive on generic texts on Italian court
judgments, including algorithms based on contextualized word embed-
dings fine-tuned on our gold standard. Also, considering the evidence
reported in previous work, e.g., in [31], we prefer to focus now on
assessing and improving the extraction of a limited number of rather
generic entity types (see Section 3.1); we capture some specific types
of entities with rules (as discussed in Section 6) and we leave the task
of finer-grained entity classification for future work, a task for which
promising zero-shot methods are emerging [34].

A few approaches consider NEL in legal texts. An approach applied
NER and NEL on a corpus of judgments of the European Court of
Human Rights [35], using a legal ontology as background KB. An-
other approach proposes to apply NEL on the EUR-Lex law article
dataset [36]; it is trained using transfer learning. In our work, we
study an end-to-end combination of NER, NEL, NIL prediction, and
NIL Clustering for full-fledged knowledge consolidation and we use a
more recent pre-trained NEL approach [10]. Another study combined
BERT with rule-based techniques for NER and coupled it with an off-
the-shelves NEL service to extract entities from court decisions in the
Finnish language [37]. This study is more similar to ours because
it also applies, to some extent, a knowledge consolidation approach;
however, we also focus on NIL Prediction and NIL Clustering, and we
use a BLINK-based NEL algorithm. Some work combining NEL and NIL
prediction has been evaluated on historic legal documents [38] (the
depositions of the 1641 Irish rebellion®). However, to the best of our
knowledge, no prior work investigated the combination of NER, NEL,
and NIL Prediction in recent court judgments.

Some approaches have focused on the extraction of abstract con-
cepts and legal terminology [4], or other kinds of information. For ex-
ample, a knowledge management system is proposed to semi-automate
the extraction of norms and their elements and populate legal ontolo-
gies [39], based on Semantic Role Labeling. Their approach consists
of general-purpose NLP modules with pre- and post-processing using
rules based on domain knowledge. These approaches have orthogonal

5 http://1641.tcd.ie/

Computer Law & Security Review: The International Journal of Technology Law and Practice 52 (2024) 105904

objectives compared to ours, which focus on named entities, and could
be in principle combined in the future.

Finally, NLP methods have been applied to support legal infor-
mation retrieval and develop search engines. A few approaches focus
on leveraging text summarization techniques [24,26,40], but informa-
tion extraction and retrieval are interconnected tasks [4], as appears
from contributions to the Competition on Legal Information Extrac-
tion/Entailment (COLIEE) organized since 2017 [41]. In this paper,
we do not focus on specific algorithms for legal information retrieval;
however, our entity extraction approach and architecture are intended
to support document search by exploiting entity-related annotations,
e.g., to populate search facets and filter out documents.

2.3. Architectures and entity-centric infrastructures for the legal domain

The body of work discussed in the previous sections has paid more
attention to conceptual frameworks, algorithms, and their evaluation,
and less attention to architectures to support the extraction processes
and to manage their output. However, a few studies have addressed
these problems from an architectural point of view in recent years.
In [42], the authors conducted a systematic mapping study to identify
and analyze state-of-the-art software architecture for NLP, in the field of
legal documents. They analyzed relevant papers and identified several
architectural approaches, including architectures based on pipelines,
services, and microservices. They have found that the last approaches
focus especially on pipelines, which involve a sequence of NLP modules
that process text in a predefined order. The authors also argue that
service-oriented and microservices architectures have advantages in
terms of flexibility and scalability. However, they do not identify a
generic infrastructure to manage entities in the legal domain as we do
in our work (see Section 5).

In the Ref. [43], the authors present a software architecture de-
signed to aid legal professionals in resolving legal cases through auto-
mated extraction of crucial information from documents and generation
of potential arguments. This system employs a fusion of rule-based and
statistical natural language processing techniques, with a specific focus
on a dedicated knowledge extraction pipeline.

Certain architectures seamlessly integrate NLP services and ontolo-
gies. For example, in [44], a document management system within the
legal domain is elaborated, demonstrating the conversion of diverse
paper documents into RDF statements. This transformation enables
efficient indexing, retrieval, and long-term preservation. Another archi-
tecture, discussed in [45], concentrates on the analysis and extraction
of specific entities from legal texts like acts and agreements. This
approach relies on an ontology containing pertinent information about
document types, their structures, the entities to be extracted from each
section, and the requisite processing steps involving a pre-existing text
analysis library. The enhancement of system performance led to the
adoption of a microservices-based architecture integrated with message
brokers, as detailed in [46]. This implementation was integrated into a
high-level document management system used for extensive language
analysis of legal documents. It is worth noting that although this
implementation shares some characteristics with our own design, it
does not encompass the knowledge consolidation process central to our
work.

3. Data collection and gold standard

The creation of a gold standard is an essential part of the pro-
cess required to adapt entity extraction and knowledge consolidation
algorithms to the legal domain, assess their performance, and drive
their improvement. In this section, we discuss the methodology used
to create this gold standard from a larger corpus and its features.

We collected a corpus of 927,453 real judgments in civil trials
published from 2008 to 2021 (the majority of the judgments, ~86%,
are published from 2016 to 2021). This number can be compared to
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the total number of trials that are estimated per year according to [47],
which falls between 2 and 2.5 millions from 2010 to 2019.

Data includes the judgment text and 41 metadata with information
about the judge (or the president if several judges are involved), the
number and year of the judgment and of the trial, the court and the
district it belongs to, the instance (trial or appeal), references to the
trial in case of appeal, a code describing the subject and some technical
fields of no interest here. This dataset has been provided by the Ministry
of Justice and consists of real documents as they were archived. As
a consequence, in many cases, the texts contain spurious lines that
must be cleared before processing, for instance, some metadata at the
very beginning, duplicate headings, extra blank lines or characters from
stamps present in the printed version.

The judgments’ structure consists of several sections, the most im-
portant being: (i) a preamble with the judge(s), plaintiff(s) and defen-
dant(s) data, (ii) the description of the case, (iii) the final decision and
dispositions with the related reasons.

3.1. Gold standard

From the corpus of 927,453 court judgments described above, we
defined a gold standard consisting of 146 labeled documents selected
using stratified sampling on the province of the court that made the
judgment. The annotation was performed semi-automatically: (i) the
documents were annotated with extraction algorithms, then (ii) the
human annotators reviewed the automatic annotations. This approach,
where algorithms are used to speed up the annotation process, has been
used for developing a NER gold standard in previous work [14].

The annotations include labels for NER, NEL, NIL prediction, and
NIL clustering.

These tasks are executed sequentially, thus, each step has been
performed by manually refining the output of the algorithm of interest
applied to the annotated documents from the previous step. For this
reason, we can consider the annotation process as a simulation of the
real human-in-the-loop use case, thus making it possible to estimate
the amount of time required by the final user to consolidate the main
pipeline algorithms output.

The annotation process involved the following entity classes:

. “person”,

. “location”,

. “organization”,
. “money”,
“date”,

. “miscellaneous”.

oUl A WN

To obtain an objective measure of the quality of the NER anno-
tations (GSygg), which served as the starting point for subsequent
annotation processes, we calculated an inter-annotator agreement (IAA)
measure. We then used this gold standard as a basis for creating GS¢
which includes annotations for the remaining tasks, also referred to as
the consolidation process.

3.1.1. NER

Annotation process. The annotation process for GSy sz has been carried
out by two annotators using Doccano®, a web application for labeling
tasks. Each annotator was asked to annotate 88 documents, of which
15 were overlapping with the other annotator so that 30 documents
(15+15) contained annotation from both. These overlapping documents
are necessary for calculating the inter-annotator agreement (IAA). For
this specific task, an annotation is composed of the index of the start
character, the end index, and the type of the mentioned entity.

6 https://doccano.github.io/doccano/
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Based on [48], a detailed set of guidelines has been prepared and
provided to the annotators to reduce as much as possible the inconsis-
tencies that could be generated by different styles of annotation. During
the annotation process, we iteratively refined the guidelines by keeping
track of the doubts cast by the annotators. The guidelines involve both
the span selection (e.g., in case of nested entities, annotate the span
of the most informative supported type: “Via Garibaldi 18, Roma[LOC]”
must be preferred over “Via Garibaldi 18[LOC], Roma[LOC]”’) and the
type assignment (e.g., a type must be assigned based on the con-
text in which the entity appear: “Mario Rossi, born in Italy[LOC]” vs
“Italy[ORG] asked the European Union to ...”). Furthermore, each type
has its own guidelines to deal with particular cases (e.g., exclude the
title of a person from the annotation: “Dr. Mario Rossi[PER]” must be
preferred over “Dr. Mario Rossi[PER]”’). Furthermore, we decided to
annotate mentions such as “the Judge” or “the Court” that are not
exactly in the scope of NER but close to the coreference resolution task,
because these mentions are relevant to the domain.

Document statistics. The resulting corpus counts 16,634 annotations
(~114 annotations per document), with an average document length
of ~1900 words. Each document required on average ~15 min to be
annotated. The distribution of types is reported in Fig. 2.

Inter-annotator agreement. To assess the quality of the gold standard
and the clarity of the guidelines we compute the inter-annotator agree-
ment (IAA) on the 30 overlapping documents, which are annotated
independently by both the annotators. Since there is no standard way
to evaluate the agreement level of a NER dataset [49], we adopted
an IAA based on F; score computed with the criteria described in
Section 6.1.1. In this context, the F, score is pair-wisely computed
between annotators: for each combination, an annotator is used as gold
standard to evaluate the other annotator; an average is computed in
case of more than two annotators.

Popular IAA metrics such as Cohen’s Kappa, Scott’s Pi, Fleiss’ Kappa,
and Krippendorff’s Alpha, may not be suitable for complex labeling
tasks such as NER, providing low interpretability values [49]. As dis-
cussed in Section 6.1.1, a problem of this task is that we deal with text
spans, so it is difficult to define a general criterion to identify positive
and negative examples to calculate a consistent IAA value [50]. A
simple solution to face this problem is to compute the metrics at token-
level, however this would yield overly optimistic IAA value (e.g., the
pair of “Barack Obama[PER] was born in Honolulu” and “Barack[PER]
Obama[PER] was born in Honolulu” is considered a perfect match). For
these reasons, the choice of an F; score-based IAA as the main metric
is a more robust alternative to the classic metrics [51,52].

Table 1 shows all metrics averaged over documents. For complete-
ness, we also report the token-level F, score for the strong typed match
criteria and Cohen’s Kappa, Scott’s Pi, Fleiss’ Kappa, and Krippendorff’s
Alpha. We can see that strong-typed (instance-level), i.e., the strictest
metric, has a score of .808, which can be considered satisfactory
since it measures perfect matches between annotators. Moreover, by
looking at the additional F, score-based metrics we can see that the
values increase as we relax the matching criterion (partial is the least
stringent). This proves that even in cases where the labels from the two
annotators do not perfectly match, there is still a significant degree of
overlap. These differences between hard and soft constrained F, scores,
as well as the difference between instance-level and token-level strong
typed, also point out that a perfect span selection was the most difficult
part for the annotators, as expected.

3.1.2. Knowledge consolidation

The gold standard GS.(y for the knowledge consolidation process,
with annotations for NER, NEL, NIL prediction, and NIL clustering, has
been created semi-automatically from the 30 overlapping documents
used to compute the IAA. The set of general guidelines defined for this
task is much simpler than the NER ones. Based on the assumptions
in [48], the guidelines can be summed up in two steps:
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Fig. 2. Distribution of entity mention types in the GSy; gold standard.

Table 1

Inter-annotator agreement computed on a subset of 30 docu-
ments from the gold standard GS, z. The description of each
F, score-based metric can be found in Section 6.1.1. *based on
strong typed match.

Metric Value

F, score-based metrics

strong .839
strong typed (instance-level) .808
strong typed (token-level) .886
approximate .966
approximate typed .904
partial 969
partial typed .906

Other metrics

Cohen*/Fleiss*/Krippendorff*/Scott* .662

1. if the mention refers to a known entity in the KB (Italian
Wikipedia and manually added entities) label it with the entity
URI and mark the mention as —NIL;

2. otherwise, mark the mention as NIL, create a new entity, and
label the mention with the new entity URL This latter step
is necessary to trace which NIL mentions refer to the same
unknown entity (NIL clustering).

To enhance the efficiency of the annotation procedure a UI was
developed, incorporating both Wikipedia search API and a fuzzy search
mechanism. On average documents required ~15 min to be annotated
for NEL, NIL prediction, and NIL clustering. Out of the 3006 annotated
mentions, 467 refer to Wikipedia entities, and 1753 to NIL entities. The
remaining 786 mentions, categorized as either Date or Money, were left
unassociated with any entity.

The 2200 mentions linked to an entity are organized into a total of
1025 clusters, with 211 clusters corresponding to Wikipedia entities.
The larger portion of 814 refers to NIL entities, as expected within the
considered domain.

4. Entity extraction and knowledge consolidation

To address RQ1, inspired by [5-7] we develop a pipeline system
that orchestrates first the entity extraction process, i.e., the NER task,
and then the knowledge consolidation processes, namely NEL, NIL
prediction, and NIL clustering. With NER we use different algorithms to
extract all the types annotated in GSy y; the algorithms are described
in detail in the remainder of this section.

Table 2 illustrates the supported types for each NER extractor, as
well as the NEL, NIL prediction, and NIL clustering algorithms. Notably,
for the latter three tasks, we exclusively consider the types “person”,
“location”, and “organization”. This decision is based on the fact that
“date” and “money” are not directly associated with any linkable
entity. With respect to the “miscellaneous” class, during an exploratory
phase, we found that the quality of the prediction for this class, signif-
icantly lower than for the other classes, was not promising enough to
proceed with the knowledge consolidation process. We further discuss
this issue in the experimental evaluation.

By using multiple NER algorithms, it becomes necessary to combine
the extracted annotations and resolve any conflicts that may arise.
To this end, we present heuristic-based combination rules, which are
described in the remainder of this section.

4.1. Entity extraction

For the NER task, two general-domain ML-based algorithms for the
Italian language have been selected: SpaCy and Tint. In addition, we
developed a rule-based service, namely TrieNER, supporting efficient
retrieval on a custom dictionary and on-the-fly update of the reference
dictionary.” Each algorithm recognizes a different set of types; Table 2
shows which entity types of our gold standard are recognized by each
algorithm including the combination of them.

SpaCy® is a NLP library designed to be production-ready, able to
perform NER in several languages including Italian. NER is performed
by first obtaining a vector representation of the input, in our case with
a pre-trained Italian transformer (dbmdz/bert-base-italian-uncased®),
then the vectors are processed by a neural transition-based parser. We
trained the SpaCy NER system on the Italian WikiNER dataset [53],
which is composed of annotated Wikipedia articles.

Tint [54] is an Italian NLP library based on Stanford CoreNLP [55].
The NER task is based on Conditional Random Fields (CRF) sequence
taggers, combined with rule-based systems to extract money, numbers,
and temporal expressions.

TrieNER'!® is a pattern-matching approach, based on a prefix-tree
(or trie), that uses a dictionary of entity titles derived from documents
metadata. Entities are divided into tokens, personal names are enriched
by their permutations, and then the tokens are added to the trie index.
This algorithm also identifies partial matches, e.g. the name of a person
without the surname. This service is not limited to NER, indeed, besides
knowing the matched pattern is part of a named entity we are also
aware of the entity (or the entities if both can be mentioned with
the same pattern) from which the pattern has been derived. This
pattern-based algorithm is used to exploit metadata attached to the
judgments, which cover plaintiffs, defendants, and judges. Although
these metadata are incomplete, TrieNER is introduced to increase the
likelihood that, when an entity appears in the metadata, it is also
identified by the NER component. Supposing that “Jane Smith” is listed
as a plaintiff in the metadata, TrieNER would search for all the tokens
and their permutation in the text, finding mentions like “Ms. Smith”
(with a partial match on the token “Smith”) and “Smith Jane”.

Finally, we need to combine the annotations produced by the differ-
ent algorithms. Each NER annotation consists of a text span associated
with a type, thus conflicts may arise when the spans of two annotations
overlap (e.g., in “Mr. Cityville” we may have a first algorithm that
identifies “[Mr. Cityville (PER)]” while a second algorithm identifies

7 On-the-fly dictionary update is not yet active in the current pipeline but
we consider it important for future development.

8 https://spacy.io/

9 https://huggingface.co/dbmdz/bert-base-italian-uncased

10 TrieNER is based on trie-search https://github.com/s-yata/marisa-trie.
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Table 2

Computer Law & Security Review: The International Journal of Technology Law and Practice 52 (2024) 105904

Types supported by the NER, NEL, NIL prediction, and NIL Clustering algorithms. *Note that the TrieNER
relies on a knowledge base and it is potentially capable of extracting any entity regardless of its type as long
as a pattern is provided. In our experiments, TrieNER extracts entities of type “person” and “organization”,
since the knowledge base (derived from documents metadata) of reference is limited to these two types.

Types NER NEL NIL pred. NIL clust.
SpaCy Tint TrieNER* Combination
Person v v v v v v v
Location v v - v v v v
Organization v v v v v v
Money - v - v - - —
Date - v - v - - -
Miscellaneous v - - v - - —

“[Cityville (LOC)]”) or when the types of two overlapping annota-
tions are inconsistent (e.g., “Italy” identified both as Location and
Organization).

First, we identify span conflicts, then we address type-related con-
flicts:

1. two overlapping annotations may be totally overlapping (i.e.,
they share the same exact boundaries) or partially overlapping.
In the latter case, we prefer the longest annotation, assuming it
is the most informative one. Exceptionally, for the annotations
of type “person”, we down-prioritize annotations whose span is
longer than k tokens,'!

2. with respect to type-related conflicts, different algorithms may
predict different types. Consequently, we assign a weight to each
algorithm and, in case of type-related conflicts, we perform a
weighted majority vote to select the type with the highest score (in
case two or more algorithms predicted the same type, the score
of the type is given by the sum of the algorithms’ weights). This
mechanism allows us to control the impact of each algorithm on
the final prediction.

4.2. Knowledge consolidation

The knowledge consolidation process involves the three tasks of
NEL, NIL prediction, and NIL clustering. NEL is executed by a bi-
encoder based on BLINK [10]. The bi-encoder is a method for entity
retrieval trained to encode mentions and entity descriptions in the same
dense space, in such a way that the distance between a mention and the
corresponding entity description is minimized. The training objective
is to maximize the similarity of the correct mention-entity pairs; in
this case the similarity is calculated with the dot-product and basically
represents a linking score.

We chose the bi-encoder paradigm because it is able to produce a
semantic representation of both mentions and entities. This property
allows us to calculate the semantic similarity of entity mentions dur-
ing the NIL clustering step and to represent new entities using their
mentions so that the NEL system is able to link to the new entities [5].

The training for the Italian language has been performed following
the approach of BLINK authors for the English language. We created
an entity linking dataset using the hyperlinks from Italian Wikipedia
articles as training samples where the anchor text is the mention.
Differently from [10], we used BERT 55 '? instead of BERT] 4pE for
computational reasons. The training process has been done in 4 epochs
with 9M training examples using in-batch random negatives followed
by one epoch of hard negatives in which we use a single hard negative
for each training sample. Given a mention, the hard negative is the
negative entity (not the correct one) with the highest linking score,
calculated using the bi-encoder trained with random negatives.

NIL prediction is implemented as a binary classification using lo-
gistic regression. It has been trained with the same Wikipedia-based

11 We heuristically found that k = 6 fit the court judgment dataset.
12 https://huggingface.co/dbmdz/bert-base-italian-uncased

dataset used to train the NEL model. Different combinations of input
features have been evaluated. The ones we are currently using are the
NEL score of the top-ranked entity and the difference between the top
score and the score of the second-best candidate.

The NIL clustering sub-service is inspired by a three-step algo-
rithm [56]. First, mentions are clustered based on their surface form,
with a tolerance of edit-distance < 3 for words longer than 3 characters,
or exact matching for shorter words. Next, a hierarchical clustering
algorithm is applied to each cluster, using a predetermined threshold
to split clusters based on the semantic representations of the mentions
generated by the NEL bi-encoder. NIL clustering thresholds are ob-
tained with grid search using the same Wikipedia-based dataset used
to train the NEL model. This step creates sub-clusters within each first-
step cluster. Finally, each sub-cluster is represented using the medoid
vector of all the mention representations of the sub-clusters, and those
that are semantically similar, according to the similarity (dot-product)
between the medoid vector, are merged.

5. Architecture

The software architecture is the foundational structure that shapes
the design and development of a software system. It serves as the
blueprint for creating robust, scalable, and maintainable applications.
The main characteristics of software architecture are pivotal in deter-
mining how well a system will perform, adapt, and evolve over time.
These characteristics define the essence of the architecture and guide
decisions throughout the development lifecycle. The main objective
of our proposal is to define a full stack system capable of support-
ing the main functional characteristics such as: (i) document analysis
and entity extraction, (ii) centralized annotation management (iii)
storage persistent and univocal of the identified entities and (iv) the
intra-documental and inter-documental search and entity management
functions. Furthermore, the modeling and design of the architecture
must also take into consideration characteristics not related to the
functionalities, in particular in our case we propose an architecture that
takes into consideration the following Non-Functional Requirements
(NFR):

« scalability: it must be possible to add documents just increas-
ing storage and computing resources, with no needs of system
reconfiguration,

« extensibility: it must be possible to add new document types with
their metadata, new User Interfaces and new services, with no
impacts on the non involved systems and data,

» availability: subsystems must not suffer from changes, fixes, ad-
ditions or just operation of other systems.

The main components of our architecture are described in the
following paragraphs.

The Document Storage (DS). The DS maintains document texts and
metadata as they can be found in the source systems. It is equipped
with APIs to import, export, update and query the document using both
text and metadata search. Multiple copies of the same document can
be stored, e.g. the raw text and preprocessed versions where some data
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cleaning has been done. It has been implemented as an ElasticSearch'®
repository, with the possibility to manage several indexes each with
proper metadata to store different document types. All the metadata
described in Section 3 have been used for indexing; texts have been
cleaned before import.

The Query Layer (QL). The QL interfaces the DS and the annotation
database (see below) exposing APIs to query both data, so that client
programs do not interface directly the data storage components. The
output is in the format used by GateNLP!* to represent documents, an-
notations and document features. Presently the QL is not equipped with
a complete Access Control mechanism or component, just a simple login
mechanism is provided. The main API is used to query the documents
choosing logical expressions for the metadata, annotations and text
content, with the option to choose which metadata must be returned;
pagination is supported. Another API is used to add annotations.

The Front End User Interfaces (UI). Several UI have been pro-
vided. The Search UI prompts the user to enter the metadata and
annotations to query, with values and logical operators, the word or
sentence to look for in the document text and the data to display. The
output is shown in tabular form, with links to show the raw text and
to open the UI for single documents. Then the user may select to run
an analysis (performed by a Service System, see below) on the query
result. The Ul interfaces the Request Management to queue the request.
A dedicated management section of the UI shows the pending, running
and terminated requests with messages and results details.

The Document UI receives the annotated document GateNLP data
from the QL and displays the text highlighting the annotations, that
are quotes of entities. The user can choose the annotation sets to
display/hide (i.e., showing annotations obtained using different algo-
rithms); clicking an annotation shows details, such as its type hierarchy,
links to external sources (e.g. Wikipedia, Google Maps, the database
of Italian laws, etc.); alternative links. Users can modify or delete
annotations. They can create new annotations and new annotation
types. Moreover the UI shows the clusters of entities quoted in the
document. Entities, grouped by type, are shown in a side bar and can be
expanded to show clusters (e.g. the cluster of mentions of John Smith)
and to navigate to the related text section.

The Data Scientist UI is just a general purpose notebook, that
needs programmer skills by the user. The Entity Registry UI has both
functions to query and maintain the ER metamodel, and functions
to manage the entities, that is to search entities in the documents,
highlight their attributes, perform merge and split operations.

The Request Management (RM). It is used to request that a
specific service is run against a set of documents. Its APIs are called by
the UI when the user wants to create a request or to check the status
of their previous requests. It must be able to store parameters provided
by the users and to forward them to the service systems (SS). This may
happen using queues or any other suitable mechanisms. It has been
implemented as a queue system, using Apache Kafka, an open-source
distributed event streaming platform, where the SS can find parameters
to get the documents to work. It maintains a table with tasks, their
results and statuses.

The Annotation Database (AD). It stores annotations computed by
the service systems. Annotations refer to specific portions of document
texts and hold information about entities, sentences, sections and so
on. The AD has been implemented as a SQL database. The main
columns are: the identifiers of the SS that created the annotation and
of the document where it was found; the start and end position in

»

the document; the annotation keyword (e.g., “person”, “organization”,

13 ElasticSearch (https://www.elastic.co/) is a distributed, free and open
search and analytics engine for textual, numerical, geospatial, structured, and
unstructured data.

14 where GATE stands for General Architecture for Text Engineering, a suite
of tools for natural language processing; see e.g. [57]
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etc.) and value; a field for extra features, in json format, that depend
on the annotation type (e.g. external links, notes, etc.)

The Service Systems (SS). Any SS receive as input texts and
annotations and compute either new annotations or new text versions
(e.g. after cleaning some type of garbage or summarizing and so on).
They use the QL APIs to get the data and to store their output, read
parameters from the RM system and expose standard APIs to be called
by it.

Examples of Service Systems include algorithms that extract fixed
format expressions, such as Italian Fiscal Codes, car plates, and phone
numbers, but also algorithms that extract more complex and variable
expressions like postal addresses and references to law articles.

Finally, a basic rule-based cleaning service was provided, that re-
moves unnecessary line feeds, page headings (e.g. page numbering, and
so on), and repeated sets of lines of a few characters. This last case
applies when a page, that has been scanned and processed by an Optical
Character Recognizer, contained a vertical writing like a long stamp in
the margin.

The Entity Registry (ER). The ER is a system where each entity
found by the SS and stored in the AD has a unique entry used for
disambiguation. Moreover, queries based on ER entries can be run
against all the documents in the system. A general ER model has been
described for instance in [58] and an application to another legal
context in [30]. It consists of a metamodel and a database of entries.
The metamodel stores the entity types and, for each type, the set of
attributes that suffice to completely identify an instance. An example
of an entity type is “person” whose identifying set of attributes might
be personal code and the tuple (first name(s), last name, birth date,
birth place). The ER exposes APIs to store, retrieve and manage both
the metamodel and the instances. The ER has been implemented as a
graph database using Neo4j'° as database manager. A dedicated server
interfaces Neo4j and exposes both APIs to manage the metamodel and
APIs to manage the entities. When an entity is created, the ER assigns
a unique identifier to it. Some special APIs are provided, for instance
to merge two entities that have been belatedly recognized to be the
same in the real world or to split one, when two real world entities
have been erroneously considered the same.

The Service Catalog (SC). The SC stores addresses and functions of
the available services and of the SS that provide them. The kernel of
the SC is a table holding the addresses of the SS, with the names and
parameters of the services they provide. When a new SS is added to the
catalog, it is immediately callable by the RM service.

The Service Orchestrator (SO). It manages workflows of SS to be
applied at document sets and to schedule periodic operations, or task
needed when a triggering event happens. Using the SO, it is possible
to combine any services to implement complex workflows; for instance
we created a workflow to feed the ER with entities acting as plaintiff,
defendant or lawyers. The first service finds the preamble in the judg-
ment; then are run services to find persons and organizations, fiscal
codes, dates, places, and postal addresses in the preambles. Finally
another service links each person with their fiscal codes or place and
date of birth; each organization with its fiscal code; each person and
organization with their address (if specified). Resulting persons and
organizations are added to the ER, using their names and fiscal codes
or birth data as identifiers.

Final Considerations. The situation is sketched in Fig. 3, that
highlights the main flows of data and control. The central role of the UI
reflects the importance of the user in the whole process of knowledge
extraction, especially for the validation and management of annotations
(so called human—in—the-loop).

The requirement of scalability is addressed by the implementation
of the Document Storage and the Annotation Database. The require-
ment of extensibility to new types of documents and metadata is

15 A graph databases stores nodes and relationships instead of tables or
documents and Neo4j (https://neo4j.com/) is a well known implementation.


https://www.elastic.co/
https://neo4j.com/

V. Bellandi et al.

ER
SS 1
AD
—
QL Uj’ RM
DS
SC
Raw ‘
data SO
AN AN
Data ‘ | Functions

Fig. 3. Architecture sketch.

addressed by the implementation of the Data Storage and the An-
notation Database; moreover as the Query Layer produces annotated
documents in GateNLP, the consumer programs are not affected by data
extensions. Extensibility of User Interfaces and services is guaranteed
as they use the Query Layer to read and write the data, and because
they are registered in the Service Catalog and run through the Request
Manager and the Service Orchestrator. The requirement of availability
is satisfied as, provided that the data related components (DS, AD and
QL) are running, the User Interface(s) and Service Systems can be
registered, run, stopped, changed and so on without interfering with
each other. As they can be run on different computing units, they have
no impacts on the performances of other components.

6. Experiments

With respect to the RQ1 we evaluate the proposed entity extraction
and knowledge consolidation pipeline in the following experimental
settings:

1. Atomic: we analyze the performance of each algorithm atomi-
cally to isolate it from the effects of error propagation. For NER
we use GSyrr as the evaluation dataset and GSoy for the
knowledge consolidation tasks. We remind that knowledge con-
solidation tasks, i.e, NEL, NIL prediction, and NIL clustering are
applied, and evaluated, only on annotations of type “person”,
“location”, and ‘“‘organization” (see Section 4). Moreover, This
analysis aligns with the concept of human-in-the-loop validation,
in which the results of each step can be refined by humans
prior to being utilized as input for the subsequent stages within
the pipeline. For NER, we additionally calculate performance
metrics on a per-type basis and with different criteria, including
more relaxed ones that also accept spans that are partially
correct (see Section 6.1.1).

2. NEL with NIL prediction: we study the combined performance of
NEL and NIL prediction, since these two tasks are closely related,
isolating them from NER errors. To achieve this, we execute
NEL and NIL prediction on gold standard NER annotations from
GScon-

3. End-to-end: we analyze the behavior of our system on each
mention of GSyyy for the tasks NER, NEL, and NIL prediction
(as done for NEEL [59]), wherein an input mention can be
finally linked to an entity in the KB or classified as NIL. NIL
clustering is not included in the end-to-end evaluation because
it complicates the evaluation since it would require evaluating
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whether a NIL mention was grouped in the correct cluster,
leading to a too broad space of possible outcomes (e.g., the NIL
mention is grouped with one correct and one wrong mention,
the NIL mention is grouped with only one correct mention out
of n).

To better study the difficulty of the domain we compare with NER
and NEL results on standard benchmarks in the Italian language:
WIikiNER [53] and I-CAB [60] for NER; Italian VoxEL [61] and NEEL-
IT [59] for NEL.

To address RQ2, we study the domain-specific extensibility and the
scalability of our proposal. For the former, we consider the use case
in which two rule-based additional extractors (RAE) are incorporated
into the architecture to extract law articles and postal addresses. For
the scalability experiment, we study the required time for processing a
document as the number of words increases with the full pipeline and
also with the two rule-based additional extractors.

In the remainder of this section, we present the evaluation metrics
and the evaluation results of the experiments related to RQ1 and to
RQ2.

6.1. RQ1 experiments

The different tasks involved in the RQ1 are analyzed according to
the following metrics and criteria.

6.1.1. Evaluation metrics and criteria

For the atomic evaluation of NER, we calculate precision, recall,
and F; score with different matching criteria that determine when
an extracted mention is correct with respect to the human-annotated
gold standard. Indeed in some contexts, “partially-correct” annota-
tions might be acceptable, e.g., identifying “A4 Highway” instead of
“A4 Highway Torino-Trieste” might be informative enough [1,62].
Furthermore, in a human-in-the-loop scenario, we prefer to detect
partially-correct annotations rather than to miss them, since a human
can quickly correct annotation boundaries.

The adopted criteria, taken from [62] and extended to provide both
a typed and untyped evaluation, allow us to assess the behavior of
the algorithms at different severity levels. The metrics are defined as
follows:

1. strong: the predicted entity has an exact span match with the
gold standard annotations;

2. strong typed: the predicted entity has an exact span match and the
type is correct with respect to the gold standard annotations;

3. approximate: the predicted entity is contained in the correct span
(or vice versa);

4. approximate typed: the predicted entity is contained in the correct
span (or vice versa) and the type is correct;

5. partial: the predicted entity is overlapping with the correct span;

6. partial typed: the predicted entity is overlapping with the correct
span and the type is correct;

For the sake of clarity, given ¢ is the chosen criterion from the
above, Y/ the number of correctly predicted annotations according to
¢, Y' the total number of predicted annotations, and Y, the expected
number of annotations in the gold standard, precision is defined as

-
_
P=3

by the total number of predicted annotations. Recall is R = ;—é, the
ratio of correctly predicted annotations and the expected number of
annotations, and, finally F, score is the harmonic mean of P and R:
Fi=2% 2.

NEL is atomically evaluated on accuracy, that is the number of
mentions linked to the correct entity divided by the total number of
mentions to link, and recall@k. This latter metric assesses whether the
correct entity is among the top-k candidates with the highest linking
score (in our case accuracy and recall@l are equivalent). Note that

that is the number of correctly predicted annotations divided
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Table 3

Results obtained by our algorithms (SpaCy and Tint) on Italian benchmark
datasets compared with recent competitive approaches. I-CAB [60] contains
the types “person”, “location”, and “organization”. WikiNER [53] additionally
considers the type “miscellaneous”.

P R F,
SpaCy on WikiNER [53] 919 919 919
GilBERTo* on WikiNER .927 927 .928
BERTino on WikiNER [63] - - .904
BERTino Teacher Model on WikiNER [63] - - 918
Tint on I-CAB [60] .844 .800 .821

2 https://github.com/idb-ita/GilBERTo.

NEL, and also NIL prediction and NIL clustering, is evaluated solely
on the types “person”, “location”, and “organization”.

For the atomic evaluation of the NIL prediction classifier, we calcu-
late precision, recall, and F; score for both the NIL and -NIL classes.
The NIL prediction task strongly relies on the NEL score, thus to
evaluate it independently from NEL we consider correct when mentions
linked to a wrong entity are classified as NIL: in this case, the top-
ranked entity, according to NEL, is not the correct one and the NIL
prediction classifier is based on the assumption that when the correct
entity is not the top-ranked one, then, it does not exist in the KB.

NIL clustering, similarly to coreference resolution tasks [9], is eval-
uated atomically with the metrics MUC, B3, and CEAF,. For each of
them, we calculate precision, recall, and F, score. For the evaluation to
be independent of error propagation, we run the clustering algorithm
only for the NIL mentions from the gold standard.

For the joint evaluation of NEL with NIL prediction, starting from the
gold standard NER annotations, we calculate the accuracy on (i) all the
mentions, (ii) on the mentions that should be linked to the KB, and
(iii) on the mentions that should be classified as NIL. They respectively
represent the ratio of all the mentions, of the -NIL mentions, and of
the NIL mentions that were correctly processed.

Finally, for the end-to-end evaluation of NER, NEL, and NIL predic-
tion, we expanded the evaluation criteria for NER defining approximate
linking and approximate typed linking as the criteria that extend the
respective NER metric by additionally considering NEL and NIL pre-
diction. Thus an annotation is correct only when boundaries and type
(when typed) are correct, and it is linked to the correct entity (and
classified as —=NIL) or correctly identified as NIL. For each of the two
criterion, we measure precision, recall, and F, score.

The hyperparameters for the combination rules are determined
with preliminary tests. The weights assigned to each algorithm are as
follows: 0.3 for SpaCy, 0.1 for Tint, and 0.6 for TrieNER.

6.1.2. Results

First, we present a comparative table (Table 3) with the out-
comes achieved by two of our NER algorithms, SpaCy (combined with
BERT,5r and Tint, across benchmark datasets. We also include the
results from two other recent and competitive approaches for reference.
It is visible that our SpaCy algorithm, which exploits a BERT encoder,
is competitive with recent approaches.

In Table 4 we show the results for the atomic evaluation of NER. As
expected there is a substantial difference between the results obtained
using strong and approximate criteria, highlighting that our system in
several cases is able to identify entities but struggles to find the best
boundaries. However, boundary errors can be fixed relatively quickly
with human-in-the-loop intervention. Furthermore, the difference be-
tween approximate and partial criteria is minimal, thus, we consider the
approximate criteria permissive enough and we omit the partial criteria
in the remainder of the section.

In Table 5 we report a per-type comparison of the atomic evalu-
ation of NER algorithms and of their combination. The types “date”,
“money”, and “miscellaneous” are recognized by a single algorithm,
Tint for the former two and SpaCy for the latter. The different results
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Table 4

Atomic NER evaluation (precision, recall, F, score) with different matching criteria
(rows), typed and untyped. These results are obtained using the combination of the
NER algorithms and considering all the evaluated types.

Untyped Typed
P R F, P R F,
strong .519 437 475 447 .377 .409
approximate .869 .680 .763 .646 .531 .583
partial 874 .686 .769 .649 .533 .586
Table 5

Atomic NER evaluation by type and algorithm using approximate typed match. *Mis-
cellanea mentions are excluded from the overall calculation. **Note that the type
Organization is underrepresented in the knowledge base used by TrieNER, thus only a
few entities of this type (i.e., 10) have been predicted.

Type Algorithm P R F,
Person SpaCy 921 763 .835
Tint .903 621 736
TrieNER 767 .346 477
Combination .815 799 .807
Location SpaCy .354 .908 510
Tint 492 .826 .617
TrieNER - - -
Combination .599 .601 .600
Organization SpaCy .582 .409 481
Tint .656 .565 .607
TrieNER .900 .002 .005
Combination .342 .920 499
Date SpaCy - - -
Tint .837 .552 .665
TrieNER - - -
Combination .837 .551 .665
Money SpaCy - - -
Tint .981 573 723
TrieNER - - -
Combination .981 .569 720
Miscellaneous SpaCy .251 .041 .070
Tint - - -
TrieNER - - -
Combination .264 .039 .068
Overall* SpaCy .638 432 515
Tint .748 .601 .666
TrieNER 767 113 197
Combination .660 .676 .668

obtained by the combination may seem counterintuitive, but this dif-
ference is caused by boundary conflicts that can also happen between
mentions of different types.

SpaCy is effective in recognizing the types “person” and “location”
while Tint is superior for organizations. The evaluation of TrieNER
obtains high precision and low recall. Indeed, this approach misses all
the entities that are not included in its dictionary (in the experiments
the dictionary is mostly composed of persons and a few organizations).

Our combination rules achieved a good compromise between pre-
cision and recall even if they do not outperform the best algorithm
for each type: an F, score of 0.668 was obtained with the approximate
matching criterion.

The results of SpaCy and Tint on standard benchmarks confirm the
challenging and diverse nature of the domain: by comparing Tables 3
and 4 it is evident that NER algorithms experience a noticeable decline
in performance when applied to domain-specific data. Looking at per-
type performances (Table 5), across almost all types we observe lower
performance compared to the results of the evaluation on benchmark
datasets. Notably, in handling the class “person” our proposed system
demonstrates relatively similar outcomes (F; > 0.8), while the identi-
fication of miscellanea mentions proves highly ineffective. This result
can likely be attributed to the distinct characteristics of domain-specific
miscellanea, which differ significantly from the miscellanea found in
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Table 6

NEL results on benchmark datasets: strict (s-) and relaxed (r-) version of Italian VoxEL
[61] and NEEL-IT@Evalita 2016 [59]. for NEEL-IT, Twitter profile tags (@username)
and hashtags (#tag) were filtered out.

s-VoxEL-it r-VoxEL-it NEEL-IT
Accuracy .889 .647 .690
R@100 .968 .915 -
Table 7
Atomic evaluation of the knowledge consolidation tasks.
NEL
Accuracy .735
R@100 .908
NIL prediction P R F,
NIL 922 .865 .892
-NIL .585 .720 .645
NIL clustering P R F,
MUC 719 .839 774
B® .164 .601 .258
CEAF, .072 317 117
NEL & NIL prediction in KB NIL All
Accuracy .468 919 791
Table 8
end-to-end NER, NEL, and NIL prediction evaluation.
P R F,
approximate linking .598 .689 .640
approximate typed linking 523 .609 .563
standard benchmarks. For the remaining classes “location”, “organiza-

tion”, “date”, and “money” the evaluation exhibits F; scores ranging
between 0.5 and 0.7. This suggests that the tested algorithms, trained
on the available benchmark datasets, have the capability to process
these types, although there is still significant room for improvement,
e.g., via domain-specific fine-tuning.

The results of the atomic evaluation of the different knowledge
consolidation tasks are shown in Table 7. NEL achieves satisfying
results, with an accuracy of 0.735, and a recall@100 of 90.8%, in line
with the results obtained on benchmark dataset (see Table 6). With
respect to NIL prediction, the classifier is effective in identifying NIL
mentions but it suffers with =NIL ones obtaining an F; score of 0.645.
The biggest weakness of the consolidation process is the NIL clustering
component which obtains low F; score values for B> and CEAF, metrics.

The joint evaluation of NEL and NIL prediction (independent from
NER errors) results in the 79.1% of mentions correctly processed.
These include NIL mentions that the system identified with a very high
accuracy of 0.919, while for the mentions that should be linked to the
KB, the accuracy is 0.468; this can be explained by a bias in the NIL
prediction that tends to predict the NIL class.

Finally, Table 8 reports the evaluation with the end-to-end evalua-
tion with the approximate linking and approximate typed linking criteria.
The results obtained with approximate linking, which ignores the rec-
ognized NER type, are noticeably better than with approximate typed
linking: the F, score is 0.640, almost 8% higher. This finding suggests
that, once the mention has been linked by NEL, the linked entity may
also allow to correct or consolidate the type identified by NER.

6.2. RQ2 experiments

This section presents the result from the extensibility and scalability
experiments.

6.2.1. Extensibility
We develop the two rule-based additional extractors (RAE) using
pattern-matching rules based on references to postal addresses and law
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Table 9
Rule-based additional extractors (RAE) evaluation. The matching criterion is the strong
typed matching.

Type Algorithm P R F,
Postal Address RAE .902 .881 .892
Law Articles RAE 1.0 702 .825

articles found in our corpus. In addition to identifying the boundaries of
the mentions, the extractors also link postal addresses to geographic co-
ordinates, using off-the-shelves geocoding services, and law articles to
their pages on the Normattiva'® website, coherently with the example
in Fig. 1.

We evaluate the two RAEs algorithms on the set of documents of
GScon (see Section 3.1) annotated by a single annotator, which results
in 210 annotations of law articles and 37 of postal addresses. We
calculate precision, recall, and F, score with the strictest criterion strong
typed match. The results are shown in Table 9.

“Postal address” and “law articles” can be considered as a spe-
cialization of “location” and “miscellaneous”. We observe that the F,
score calculated for both these types are significantly higher than the
ones calculated for “location” and “miscellaneous” (see Table 5). This
confirms the hypothesis that combining rule-based entity extractors
for entities mentioned with predictable patterns can be beneficial.
Therefore, we integrate these annotations with the ones produced by
the pipeline described in Section 4 by prioritizing RAEs’ annotations in
case of overlap.

The results of the RAE performance evaluation are shown in Ta-
ble 9. When comparing them with the NER results, it becomes evident
that RAEs achieve significantly higher performance measures. This
demonstrates the efficacy of rule-based algorithms for law articles and
postal addresses and confirms the successful outcome of the integration
process.

6.2.2. Scalability

In Fig. 4 we show the execution time of the full entity extraction
and knowledge consolidation pipeline and of the RAEs. It is visible that
time grows linearly with respect to the number of words processed.
Note that the execution time of NIL clustering (part of the full pipeline)
scales non-linearly with the number of NIL mentions to cluster, thus
it is necessary to limit the document size and eventually divide long
documents into smaller chunks. In our experiments, the algorithms are
executed separately on each document that contains on average 2000
words.

6.3. Discussion

We now discuss the results in the context of the initial research
questions, focusing on the limitations of the proposed solution and their
impact on the specific application domain.

With respect to RQ1, in the end-to-end evaluation our system
achieved an F; score of 0.640 (with the approximate linking crite-
rion). This means that more than one mention out of two is correctly
processed by NER, NEL, and NIL prediction. Taking into account the
high specificity of the domain, the noisy input, and the absence of
in-domain training or fine-tuning, we believe that the baseline for
identifying and linking entities is promising. However, the final NIL
clustering step achieved unsatisfactory results according to B® and
CEAF, metrics, although MUC metrics seem satisfactory. Providing
an intuitive interpretation of the clustering scores is more compli-
cated. Results obtained by state-of-the-art NIL clustering algorithms
on benchmark data in English vary significantly, across measures
and datasets [9]. An ineffective NIL clustering step badly affects the

16 https://www.normattiva.it/
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Fig. 4. Execution time of some analyses varying the number of processed words. Our
point is to show the performance trend, not their absolute values, that are hardware
dependent.

knowledge consolidation process of NIL mentions. A possible solution is
to optimize the clustering hyperparameters (i.e., clustering thresholds)
on a domain-specific dataset, indeed, recent work [9] suggests that
in-domain optimization may be beneficial.

Also the observed bias of the NIL prediction algorithm towards the
NIL class may be mitigated by domain-specific training. Nevertheless,
it is important to note that within court judgments, this concern holds
minor significance, given that the most relevant entities are usually NIL
(e.g., plaintiff, defendants, judges, and attorneys).

The results also reveal that NER algorithms trained on accessible
datasets and applied to the specific domain exhibit a reduction in
effectiveness with the only exception of the type “person”. Considering
that NER holds the first position within the pipeline, it significantly
affects all the subsequent tasks. For this reason, we underscore the
importance of domain-specific fine-tuning for the NER algorithms. We
proved the impact of domain-specific fine-tuning in [64] in which we
fine-tuned the SpaCy approach, which utilizes a BERT encoder, on our
gold standard, achieving an F, score of 0.822, with the strictest strong
typed match criterion. This increase by about 100% (see Table 4) has an
impact also on the performance evaluated in the end-to-end experiment
that with the domain-specific NER model achieves an F; of 0.661 with
the strong typed match criterion (10% higher of the results calculated
with approximate typed in Table 8).

As for RQ2, the rule-based additional extractors (RAE) and most
of the steps in the full pipeline perform operations that scale linearly
with the number of input words. The only exception is NIL clustering,
which is sensitive to the number of mentions to cluster that depends on
the number of words. However, applying the algorithms to bounded-
size documents, and eventually dividing long documents into smaller
chunks, allows the system to fulfill the requirement of scalability.

The implemented architecture meets scalability, extensibility, and
availability requirements (see Section 5), enabling the processing of
annotations for distinct document subsets and seamless expansion by
adding nodes for increased document numbers. Indeed, several op-
erations are performed by independent systems that can run asyn-
chronously. These operations include the NER algorithms and the
rule-based additional extractors, while other services like NEL strictly
depend on the previous steps. As a consequence, the architecture is
compatible with the map reduce strategy, allowing the repository of doc-
uments to be efficiently loaded and analyzed in stages, and eliminating
the need for an expensive cold start process.

The results discussed so far provide insights into the feasibility,
in terms of effectiveness and efficiency, of a solution that extracts
and semantically consolidates entity mentions from Italian judgments.
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Our architecture additionally offers the capability of human-in-the-loop
revision of the annotations produced by the algorithms. Furthermore,
the human-in-the-loop process we used for creating the gold standard
enabled us to estimate 30 min as the average required time to fully
revise the automatic annotations of an Italian judgment. This translates
to the revision of 320 judgments per month by a single full-time
annotator. This estimation serves as an upper limit for assessing the
costs linked to human-involved entity extraction.

7. Conclusion and future works

In our paper, we proposed an entity-centric framework designed
for the effective management of legal documents, particularly court
judgments. This framework revolves around structuring a repository
of textual documents and enhancing their utility through meticulous
annotation. These annotations cater to a diverse range of subsequent
tasks. The documents undergo preliminary processing before under-
going iterative annotation. This annotation process is facilitated by a
set of NLP services that synergistically combine machine learning and
rule-based strategies to ensure comprehensive coverage and accuracy.

The framework is designed to be developed and maintained in a sus-
tainable way, allowing for multiple services and uses of the annotated
document repository. The scarcity of annotated data was considered an
intrinsic challenge for its development. This design activity is the result
of a cooperative project where a scientific team, institutional bodies,
and companies appointed to implement the final system were involved
in co-design activities.

In the second part of the paper, we described experiments to demon-
strate the feasibility of the solution and the main challenges to scaling
the system at a national level. In particular, the results obtained in
annotating data with different low-resource methods and with solutions
designed to combine these approaches in a meaningful way were
reported. An essential aspect of the proposed solution is a human-in-
the-loop approach to control the output of the annotation algorithms in
agreement with the organizational processes in place in Italian courts.
Based on these results, the feasibility of the proposed approach was
advocated and the challenges that must be addressed to ensure the
scalability and robustness of the proposed solution were discussed.

As part of future work, we plan to further explore the human-in-
the-loop integration by incorporating mechanisms that learn from user
feedback, similar to what has been done for other tasks (e.g., knowledge
exploration [65], ontology matching [66], entity reconciliation [67]).

We observe that while our experiments are focused on a national
case study, the system can be adapted to handle legal documents from
different countries and languages with minor adjustments. Specifically,
only the Service Systems need replacement, as they employ language-
specific models and rules, and the Entity Registry metamodel should be
reviewed to accommodate country-specific codes and conventions for
identifying persons, laws, etc. Furthermore, after a thorough entity type
revision, the system could handle documents related to other subjects.
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