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 A B S T R A C T

Event extraction from unstructured text is a critical task in natural language processing, often requiring 
substantial annotated data. This study presents an approach to document-level event extraction applied to 
Italian crime news, utilizing large language models (LLMs) with minimal labeled data. Our method leverages 
zero-shot prompting and in-context learning to effectively extract relevant event information. We address three 
key challenges: (1) identifying text spans corresponding to event entities, (2) associating related spans dispersed 
throughout the text with the same entity, and (3) formatting the extracted data into a structured JSON. 
The findings are promising: LLMs achieve an F1-score of approximately 60% for detecting event-related text 
spans, demonstrating their potential even in resource-constrained settings. This work represents a significant 
advancement in utilizing LLMs for tasks traditionally dependent on extensive data, showing that meaningful 
results are achievable with minimal data annotation. Additionally, the proposed approach outperforms several 
baselines, confirming its robustness and adaptability to various event extraction scenarios.
1. Introduction

Document-level Event Extraction (DEE) aims at identifying infor-
mation about an event within a lengthy text [1,2]. This usually refers 
to any significant occurrence, action, or situation involving specific 
entities (individuals, organizations, event-specific roles, abstractions 
like laws or policies, . . . ) and unfolding over a specific period of time. 
DEE has several application domains such as real-time detection of 
infectious disease outbreaks [3], crisis monitoring [4], identification 
of legal events to assist courts [5], analysis of historical texts [6], and 
ontology construction and biomedical triggers related to proteins and 
genes [7].

Event extraction in daily crime news involves sifting through un-
structured data to identify and categorize events accurately [8]. Also, 
it aids in detection of emerging crime trends and threats, enabling 
risk reduction and community safety. Manual analysis of this vast 
data is not only time-consuming but also prone to inconsistencies. 
Thus, automated techniques can offer an advantage by improving the 
efficiency and consistency of analyzing crime news. However, devel-
oping these systems faces challenges, especially in acquiring labeled 
datasets, as the annotation process requires precise guidelines and 
specialized expertise. This complexity complicates developing high-
quality corpora and complicates model training. Leveraging minimally 
informed methods for crime news analysis can alleviate these chal-
lenges, reducing dependence on annotated datasets while maintaining 
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accuracy in event detection, categorization, and linking. Yet, little work 
has been done, despite its numerous practical applications, and existing 
methods mainly rely on Question Answering (QA) models and require 
labeled data [9,10]. Traditional NER methods often require extensive 
fine-tuning to achieve high performance. In contrast, our approach 
shows that LLMs can deliver comparable results with just a handful of 
in-context learning examples. This capability is particularly valuable 
in scenarios where access to large annotated datasets is limited. By 
reducing the reliance on extensive data preparation, our method offers 
a novel and practical solution that is both efficient and scalable in 
resource-constrained environments.

Fig.  1 shows an example of DEE from a crime news article, as framed 
in our work. As we can see, the task poses several challenges: (i) there 
can be multiple entities for the same label (e.g., victims and authors), 
(ii) entities can comprise several discontinuous segments of text, and 
(iii) not all labels are consistently present in news articles.

In our study: (i) we establish a methodology to enable LLMs to 
accurately extract event related data and provide it in a structured 
JSON format; (ii) we conduct an extensive evaluation to measure the 
robustness of various LLMs, exploring zero-shot and in-context learning 
(ICL), and the influence of presented examples; (iii) we release an 
effective automated approach to identify key event details – such as 
‘‘who’’, ‘‘what’’, and ‘‘where’’ – from Italian crime news, which helps 
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Fig. 1. A DEE example of an Italian crime news article (translated here for clarity). The left part depicts the visual representation of the event extraction, and the right part shows 
the JSON output we aim to generate in an end-to-end fashion. LOC (location) is the crime location, VIC (victim) is each individual victim, VICG (victim group) is the group of 
victims, AUT (author) is each individual perpetrator, AUTG (author group) is the group of perpetrators, OBJ (object) refers to the stolen objects, and PAR (party) is the injured 
party of the crime.
in detecting crime trends. By conducting this study, we aim to address 
the following research questions:

Q1 How effective are LLMs in performing document-level event ex-
traction from Italian crime news with low annotated data? Are 
there performance differences between LLMs?

Q2 What is the impact of zero-shot prompting versus in-context 
learning on the accuracy and robustness of event extraction?

Q3 How do the number, selection, and combination of examples for 
in-context learning affect the performance and stability of LLMs 
in event extraction?

Q4 How are LLMs compared to traditional extractive QA and NER 
models?

Q5 What are the specific challenges encountered in identifying and 
associating event-related text spans in Italian crime news, and 
how effectively do the LLMs address these challenges?

While we acknowledge the importance of generalization to other 
domains, our focus in this paper is to evaluate how well LLMs perform 
on very niche domains, such as crime news. This distinction allows us 
to prioritize depth over breadth in our analysis. 

The remainder of this paper is organized as follows. Section 2 
reviews existing methodologies for event extraction, with a focus on 
studies relevant to the Italian language and crime news. We also 
discuss the evolution of DEE techniques, including traditional rule-
based systems and more recent approaches using LLMs. Our approach 
for DEE using LLMs is described in Section 3, including the problem 
formulation, dataset description, and our strategy for conditioning 
instruction-tuned models. We also describe the annotation schema used 
to structure the extracted event data. Section 4 presents the experimen-
tal setup, including the evaluation metrics and baseline models used 
for comparison. In Section 5, we discuss the results, comparing the 
performance of LLMs using zero-shot prompting and in-context learning 
on Italian crime news. We also explore the impact of example selection 
in in-context learning and discuss the challenges encountered in identi-
fying and linking event-related spans. The final section summarizes the 
study’s key findings and suggests directions for future research.

2. Related work

Different paradigms have been proposed over the years to address 
the challenges of DEE [11–13], ranging from traditional rule-based 
systems to more advanced machine learning models. In the following 
sections, we provide a detailed review of relevant studies that align 
closely with our research, focusing on three key areas: (i) event extrac-
tion specific to the Italian language, (ii) event extraction within the 
context of crime news, and (iii) data-driven techniques for DEE.
2 
2.1. Event extraction on Italian documents

Few works have addressed event extraction from Italian documents, 
many of them facing limited availability of resources. One such effort 
is the creation of the Italian TimeBank by Caselli et al. [14], which 
includes a dataset of events, temporal expressions, and relations, along 
with a list of guidelines and specifications. Viani et al. [15] devel-
oped a system based on LSTMs to create morphosyntactically enriched 
embedding representations of Italian medical reports for event extrac-
tion. The system showed that it was possible to identify references 
to conditions (e.g., names of diseases), tests, and treatments. Relying 
on a similar approach, Caselli [16] tested a biLSTM-based model for 
sentence-level event detection and classification on the Italian news 
articles from the EVENTI corpus. However, their scope differed from 
ours, as it only aimed to detect verbs and assign them a category from 
a predefined list. Recently, a large corpus called EventNet-ITA [17] 
was introduced, featuring over 53k annotated sentences and 200 mod-
eled frames for Italian event parsing. It also presented a supervised 
multi-label sequence labeling approach. We actually take a different 
approach, aiming to minimize the need for annotated data and make 
automated event extraction effective, using LLMs.

2.2. Event extraction for crime detection

The community has also explored applying natural language pro-
cessing (NLP) techniques for event extraction from crime news. Das-
gupta et al. [18] trained a convolutional network on annotated news 
articles to identify crime-related entities, such as the names of the 
accused and the victim, the nature of the crime, the geographic lo-
cation, the law enforcement involved, and any action taken against 
the accused. A similar approach based on biLSTMs was tested by 
Bustamante et al. [19] on Peruvian crime-related news for the iden-
tification of authors, victims and locations. Mostafazadeh et al. [9] 
developed a system based on biLSTMs and a crime acts taxonomy for 
the identification of the crime category (e.g., homicide or kidnapping) 
and reason (e.g., nationality, gender, religion, . . . ) from English news 
articles of the Patch dataset. An ensemble approach was evaluated for 
sentence-level extraction of entities and actions from Polish criminal 
documents [20]. This strategy combined lexicon lookup, hand-crafted 
rules, statistics, and neural networks. Still, the performance was low, 
highlighting the task’s complexity.

2.3. Crime information extraction as NER task

Named Entity Recognition (NER) has been extensively applied to 
extract structured information from text in the crime domain. For 
example, Al-Zaidy et al. [21] utilized NER techniques to identify in-
dividuals’ names from unstructured texts to construct a network of 
people potentially involved in criminal activities. Subsequent studies 
developed rule-based NER systems for crime-related tasks, relying on 
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morphological and syntactic patterns to identify entities associated with 
criminal activities in newspaper articles [22,23].

More recent advancements have applied machine learning-powered 
NER techniques in the crime domain. Some studies integrated generic 
NER models into crime information extraction pipelines, subsequently 
filtering entities to retain those relevant to criminal activities [24–27].

However, Juez-Hernandez et al. [28] emphasized the significance 
of domain-specific NER models for tasks demanding high precision and 
secure data handling, noting their limited portability across domains. 
This perspective has been adopted in various works, where NER mod-
els are specifically trained from scratch for extracting crime-related 
entities. Some of these efforts rely on classic machine learning meth-
ods [20,29–32], while others leverage Transformer-based models, such 
as BERT and ELECTRA [33,34]. Other studies have shown that pre-
trained NER models can achieve significant performance through do-
main adaptation, [35,36]. Notably, the works of Pérez-Diez et al. [37] 
and Alshammari et al. [38] are significant, as they adapted Spacy NER 
models to the medical and crime domains, respectively, achieving high 
performance with a few hundred training examples.

2.4. Evolution of traditional (supervised) DEE approaches

A traditional approach for DEE systems was based on pipelines, 
which involved a sequential process divided into distinct subtasks, exe-
cuted one after the other in a rigid manner. For instance, Yang et al. [1] 
is a nice representative of this approach. First, they introduced a 
framework operating in the following stages: they performed sentence-
level event extraction using a sequence tagging model. After this, they 
applied a DEE step that relies on the results from the SEE stage. The 
DEE step consisted of a key event detection model and a strategy to 
extract and complete event information at the document level. Zheng 
et al. [2] used a Transformer encoder to extract sentence and entity 
representations, followed by a decoding module that created an entity-
based directed acyclic graph (EDAG) to sequentially extract multiple 
event records. Building on this, Xu et al. [39] replaced the Transformer 
encoder with a GCN-based encoder and used a memory-based tracker 
to model interactions between different events in the decoding phase. 
Subsequent approaches aimed to overcome the limitations of EDAG, 
such as an end-to-end model to predict events in parallel [40] and a 
framework that exploited sentence-level clues to explain each extracted 
event [41]. Huang and Jia [42] introduced the concept of sentence 
community, where each community corresponds to an event. The en-
tities mentioned in a community are potentially participants in the 
events. The concept was revisited by Zhu et al. [43], whose approach 
identifies an entity maximal clique composed of pseudo-trigger words 
and expands other entities that have edges with all pseudo-trigger 
words in the clique. Recently, other DEE frameworks have leveraged 
pseudo-trigger extraction to build pruned complete graphs and derive 
event records directly from these graphs [44,45]. However, these meth-
ods require large amounts of annotated data for training and diverge 
from the direction needed for the domain addressed in this work.

2.5. DEE as a QA task

Several authors have addressed the problem of event extraction 
through extractive QA [6,46–48]. These approaches are typically based 
on fine-tuning Transformer-based models like BERT [49] on an anno-
tated dataset. Yet, these datasets are scarce, especially for non-English 
languages. Also, many available datasets and models only perform 
single-span QA [50,51], i.e. the system extracts a single, continuous 
portion of text from a document as the answer. This is sometimes 
enough when working with short texts. However, when working with 
lengthy texts, the answer to a question might consist of multiple 
text portions scattered in the document. To address this, different 
multi-span QA systems and datasets have been published in the last 
years [52–54], yet they are mostly designed for English. For Italian, 
3 
Bonisoli et al. [10] trained an extractive QA system based on SQUAD-
it [55] for event extraction on the DICE dataset of Italian crime news, 
yet the system had no ability to connect spans belonging to the same 
entity.

2.6. DEE with LLMs

The use of LLMs for document event extraction has gained consider-
able attention in recent research [56]. In the past, initial attempts were 
made by Wang et al. [57], who used GPT-3 to annotate datasets, which 
were then used for training smaller models. Other works followed, ex-
ploring GPT’s capability for labeling [58–60]. Ma et al. [61], however, 
criticized LLMs for their inferior performance and higher latency com-
pared to fine-tuned SLMs. Comparing the LLM’s performance to that of 
crowd-workers or non-experts has revealed that LLMs can even surpass 
human performance in text annotation tasks [62–64], especially in 
domain-specific scenarios, such as the financial domain [65]. Dooster-
linck et al. [66] exploited few-shot in-context learning in adverse drug 
event extraction, evaluating the ability of OpenAI’s LLMs to identify 
the core information from biomedical papers, i.e., patient information, 
drugs taken, dosages, and reactions experienced. LLMs were also used 
as expert annotators for event extraction [67], experimenting with both 
zero-shot and one-shot event extraction and revealing that the provision 
of examples improves the outcomes. A comparison on the ACE 2005 
dataset [68] between GPT-4, PaLM, and GPT-3.5-Turbo revealed that 
GPT-4 achieved the highest performance, with an F1-score of 56.7% in 
one-shot scenarios.

Shiri et al. [69] explored the use of automated event extraction 
while addressing the issue of hallucination. The task is decomposed into 
two steps: Event Detection (ED) and Event Argument Extraction (EAE). 
Additionally, it improves performance by integrating schema-aware 
retrieval-augmented examples into prompts, extending techniques like 
Retrieval-Augmented Generation (RAG). Other works focus specifi-
cally on Document-level EAE exploring in-context learning [70] and 
Heuristic-Driven prompting [71].

Document-level event extraction can also be performed using LLMs 
in a conditional generation framework, where text generation is guided 
by specific conditions or prompts. For example, Li et al. [72] used 
an encoder–decoder LLM with an event passage input and an unfilled 
event template as the condition. Hsu et al. [73] improve this by using 
prompts that include an output template for semantic guidance and 
additional weakly-supervised information, like event descriptions and 
keywords. Peng et al. [74] further developed this approach with a 
multiple template choice model, incorporating extended event type 
mining to enhance event extraction. Blair et al. [75] also extended this 
methods to handle different densities of events within documents.

Although many of these studies focus on LLM performance with En-
glish corpora, some studies [57,76] have examined LLMs performance 
on non-English corpora, finding a significant decline in performance.

3. Methodology

In Section 3.1 we introduce the notation and concepts to formalize 
the problem. In Section 3.2 describe DICE, an Italian Crime News 
dataset with its annotation schema, which we will use as the starting 
point for this work. In Section 3.3 we discuss our efforts to condition 
instruction-tuned models with the appropriate information to ensure 
they follow the task guidelines and produce valid outputs.

3.1. Problem formulation

A key part of DEE involves identifying the components that take 
part in an event, such as participants, time, location, and other relevant 
attributes or circumstances. Given a text document 𝑑 ∈ 𝐷 such that 
𝑑 = {𝑤1, 𝑤2,… , 𝑤𝑁}, where 𝑁 is the total number of words and each 
𝑤  represents the 𝑖th word within that document, DEE is the process 
𝑖
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Table 1
Schema labels. Header columns: ME = Multi-entity; MS = Multi-span.
 Label Definition ME MS  
 AUT The perpetrator of a crime True True  
 AUTG A group of perpetrators False True  
 VIC The victim of a crime True False 
 VICG A group of victims False True  
 PAR An injured party in a crime False False 
 LOC The location of a crime False True  
 OBJ Robbed object(s) True True  

of identifying and structuring relevant occurrences of entities within 
the text. In a specific context, the DEE is described by the annotation 
schema, that lists the labels 𝑙 ∈ 𝐿, i.e. the essential components of the 
event; and the guidelines to annotate entities 𝐸𝑙 = {𝐸𝑙

1, 𝐸
𝑙
2,… , 𝐸𝑙

𝑀}
belonging to a label.

An entity 𝐸𝑙
𝑗 can be described by one or more non-consecutive spans

within a document. Let 𝑠𝑙𝑗 be a span of the text document, consisting of 
one or more consecutive words referring to 𝐸𝑙

𝑗 . We denote the linkage 
set of a given entity as a list of spans referring to a specific entity with a 
specific label (𝐸𝑙

𝑗 ) = {𝑠𝑙𝑗1, 𝑠
𝑙
𝑗2,… , 𝑠𝑙𝑗𝑂}. We denote the set of spans of a 

given label as  𝑙 =
⋃

𝑗 (𝐸𝑙
𝑗 ). This set includes all spans referring to the 

same label 𝑙.
Some labels might consist of a single entity. This happens for the 

label 𝑙 = LOC (location) in Fig.  1, which is referred twice through two 
different spans: ‘Enzo Ferrari Park’ and ‘Modena’. For this label, there 
will be only one linkage set comprising these two spans, i.e. {‘Enzo 
Ferrari Park’, ‘Modena’}. Conversely, other labels might consist of 
multiple entities, such as the label 𝑙 = OBJ (robbed object), which 
includes two entities, ‘smartphones’ and ‘set of keys’. Therefore, this 
label will have two linkage sets: {‘smartphones’} and {‘set of keys’}.

We want to mark that some entities will be single-span, like {‘smart-
phones’} in Fig.  1, referring to one of the objects that was robbed. 
Others will be multi-span, such as {‘two’, ‘men’}, which are mentioned 
in two different parts of the text to refer to the group of individuals 
who committed the crime.

3.2. DICE dataset and annotation schema

For our work, we rely on DICE, a Dataset of Italian Crime News 
articles extracted from the newspaper Gazzetta di Modena1; which 
publishes daily news of events of the Modena province, in Italy. It was 
created in [77] and is available online under the CC BY-NC-SA 4.0 
license.2

To extract events from these articles, experts defined and agreed 
upon an annotation schema with sophisticated rules, as described 
by [10]. The annotation schema considers the journalistic style, a 
complex writing style requiring attention to several phenomena to 
extract main event information. These include information redundancy 
and inconsistency (when an entity is described in a general way, 
e.g. ‘victims’, or ‘thieves’), varying levels of entity granularity (broad 
descriptions like ‘man’, specific ones like ‘elderly male’, and even finer 
details such as ‘a 67-year-old man’) and gradual specification with 
co-referential elements spanning different sentences.

DICE contains 10,395 crime news articles spanning 13 crime cate-
gories. Of these, 406 articles reporting single theft events were manu-
ally annotated as the Test Set according to the DICE schema, using the 
labels listed in Table  1. For our work, a group of domain experts studied 
the schema guidelines3 and annotated 200 more theft news articles, 

1 https://www.gazzettadimodena.it/
2 https://github.com/federicarollo/Italian-Crime-News
3 https://github.com/federicarollo/Italian-Crime-News/blob/main/

Annotation%20Guidelines.pdf
4 
bringing the total to 606 annotated articles.4 After that, we decided to 
use the following splits for our approach:

1. Example Set (10 news articles): Chosen by a domain expert to 
represent the entire dataset, this new set has been annotated 
with expert consensus and includes news articles of varying 
lengths (ranging from 96 to 655 words), annotation patterns 
(ranging from 2 to 6 labels annotated out of the 7 labels of 
the schema), and the number of annotated elements (ranging 
from 4 to 13 annotated spans). These examples will be combined 
and fed into the prompt in different ways to explore in-context 
learning. This approach ensures that our examples provide a 
comprehensive reflection of the dataset’s characteristics.

2. Validation Set (190 news articles): This newly annotated set 
serves as a platform for initial evaluation. It allows for a detailed 
examination of LLMs outputs to guide prompt refinement, tun-
ing, and testing various in-context learning configurations using 
different numbers and combinations of examples.

3. Test Set (406 news articles): The Test Set, released by [10], 
provides an unbiased evaluation of LLMs’ performance on data 
not used for prompt refinement, allowing demonstrating LLMs’ 
generalization ability.

3.3. Prompt setup

Desired output format. We ask the models to output in JSON format 
due to its standard nature and adaptability, which allows for easy 
representation of hierarchical and variable-length data. The requested 
JSON structure should contain seven key–value pairs, one for each label 
of the DICE schema. Fig.  1 (right side) showed an example. Each pair 
has the label name as the key and a value that contains the annotations 
for the label. The value can be a string if it represents a single span 
for a single entity, a list of strings if it represents multiple spans for a 
single entity, or a list of lists of strings if it represents multiple linkage 
sets for multiple entities given a label (e.g., many victims in the crime 
news). For each crime news, a variable number of spans per label can 
be extracted, and sometimes there are no spans for a given label.
Prompt text. We first defined an initial prompt based on the annotation 
schema. This generic prompt was tested on the Validation Set to 
evaluate its effectiveness. During this preliminary testing, to improve 
specificity, we identified the need to include details such as a list of 
socio-demographic characteristics for victims and authors and practical 
examples of spans to be annotated or left unannotated. To exemplify 
this, we show the fragment of the prompt that specifies the details 
for the label VIC (victim): VIC, a list of lists of strings. Each list of 
strings should contain the parts of the text that report information related 
to a single victim, such as the first name or initials and/or the relevant 
socio-demographic information, such as age, race, ethnicity, residence, resi-
dent/native, gender, occupation. Other characteristics or conditions or roles 
should not be included (e.g., ‘victim’, ‘owner’, ‘blonde’, ‘husband’, ‘wife’, 
‘son’, etc.).

Due to space reasons, we detail the full prompt (in Italian) in 
Appendix  A.
Prompting single vs multiple labels. As an alternative, we conducted 
initial tests by creating prompts to annotate labels individually, rather 
than annotating all the labels of the event at once. However, this 
single-label approach was not satisfactory, showing a decrease in per-
formances of around 10% in exact match and partial match. This ex-
periments revealed that the combined approach improved the model’s 
discernment. For example, different entities like author and victim were 
better distinguished when requested together.

4 The annotation of the 200 news articles will be shared under the CC 
BY-NC-SA 4.0 license if the paper will be accepted for publication.

https://www.gazzettadimodena.it/
https://github.com/federicarollo/Italian-Crime-News
https://github.com/federicarollo/Italian-Crime-News/blob/main/Annotation%2520Guidelines.pdf
https://github.com/federicarollo/Italian-Crime-News/blob/main/Annotation%2520Guidelines.pdf


G. Bonisoli et al. Knowledge-Based Systems 317 (2025) 113386 
4. Experimental setup

4.1. Instruction-tuned models

We selected a few representative instruction-tuned LLMs. The first 
model is Llama-2 [78], a family of models pre-trained on thirteen lan-
guages, including Italian. We used the two smallest instruction-tuned 
versions: Llama-2-7b-chat and Llama-2-13b-chat.5 In what follows, we 
will call them LL2-7B and LL2-13B.

We also included the successor Llama3 [79], which retains a similar 
architecture but offers better multilingual capabilities, enhanced with 
high-quality instruction tuning data for seven languages, including 
Italian. We selected Llama-3-8B-Instruct,6 which we call LL3-8B.

The test also included LLaMAntino-3-ANITA-8B-Inst-DPO-ITA7 
[80], referenced from now on as LLT3-8B, which was derived by 
fine-tuning LL3-8B on Italian datasets.

The second model is Mistral 7B [81], a 7-billion parameter lan-
guage model. In this work, we used two versions of Mistral, both fine-
tuned for dialogue: Mistral-7B-Instruct-v0.18 and Mistral-7B-Instruct-
v0.2.9 We will abbreviate them to M7B1 and M7B2. The third model is
Mixtral 8x7B [82], which inherits its architecture from Mistral, with 
some crucial differences, such as a larger context size (32K tokens) 
and the feedforward blocks replaced by Mixture-of-Expert layers. The 
model can handle five languages: English, French, Italian, German, and 
Spanish. In this work, we used the version fine-tuned for dialogue: 
Mixtral-8x7B–Instruct,10 referred to as Mx7B throughout the rest of the 
paper. Although pre-trained on Italian data, these models are signif-
icantly influenced by English, the dominant language in the training 
data.

That said, we mostly adhered to the default generation hyperpa-
rameters from Meta Llama and the Huggingface Transformers libraries, 
with one exception: the maximum number of generated tokens was 
set to 1000 to ensure a reasonably large window capable of accom-
modating a significant number of extracted spans. Given our limited 
resources, Mx7B was tested with 4-bit quantization. We report the 
values of the key hyperparameters of the LLMs Appendix  B.

4.2. Evaluation metrics

We focus on two aspects: (i) the models’ capability to annotate and 
select spans for specific labels, and (ii) their capacity to group spans 
referring to the same entity, i.e., their ability to create linkage sets.

4.2.1. Evaluation of labeled spans
To evaluate ground-truth ( 𝑙) against predicted spans (̂ 𝑙) for each 

label, we rely on exact match (EM) and partial match (PM) at span-
level, following [54]. We use the microaverage, i.e. calculating metrics 
globally on all labels. A predicted span is considered an EM if it has the 
same content (exactly the same words) as a span in the ground-truth 
set.

5 https://ai.meta.com/research/publications/llama-2-open-foundation-and-
fine-tuned-chat-models/

6 https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
7 https://huggingface.co/swap-uniba/LLaMAntino-3-ANITA-8B-Inst-DPO-

ITA
8 https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.1
9 https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
10 https://huggingface.co/mistralai/Mixtral-8x7B-Instruct-v0.1
5 
4.2.2. Grouping of entities in linkage sets
Let L = (𝑙

1,… ,𝑙
𝑀 ) be the sequence of ground-truth linkage sets 

for a given label 𝑙, and L̂ = (̂𝑙
1,… , ̂𝑙

𝑃 ) the sequence of predicted 
linkage sets. We carry out an alignment procedure. First, for each pair 
of sets (𝑙

𝑖 , ̂
𝑙
𝑗 ) from the candidate pairs L × L̂, we compute the Jaccard 

Index [83,84], a score in the range [0,1], where 0 means the sets are 
completely disjoint, while 1 means the sets are identical. Secondly, (2) 
we select the pair (𝑙

𝑖 , ̂
𝑙
𝑗 ) with the highest Jaccard index and if the 

score is higher than the defined threshold, we add this pair to a list of
confirmed pairs. Moreover, any pair from the list of candidate pairs that 
contains either 𝑙

𝑖 or ̂𝑙
𝑗 is removed. We then repeat the algorithm at 

step (2), until there are no candidate pairs with a Jaccard index above 
the threshold, and thus the list of confirmed pairs cannot be further 
expanded. The confirmed pairs are the true positives. False negatives 
are the ground-truth linkage sets that are not part of any confirmed 
pair. False positives are the predicted linkage sets that are not part of 
any confirmed pair. Thus, precision, recall, and F1-Score for linkage 
sets evaluation can be computed.

4.2.3. Dealing with invalid JSON outputs
A model may produce an output that is an invalid JSON, i.e., an 

output with syntax errors (e.g., missing brackets) and/or structural 
issues (e.g., the presence of keys different from the seven keys we 
expect as specified in the prompt). In such cases, several corrections are 
attempted. If the initial or final curly brace is missing, it is added. If the 
output contains a partially malformed JSON, the correctly formatted 
key–value pairs are extracted and parsed to form a new JSON; the keys 
of any invalid key–value pairs are included with their values set to 
empty. If an invalid JSON is completely irreparable, the prediction is 
transformed into a JSON with the structure specified in the prompt, 
with all fields left empty. This transformation ensures that the number 
of predicted JSONs is consistent across all models, making their results 
comparable.

5. Results

5.1. Impact of example selection for crime news in-context learning

This test directly addresses RQ2, RQ3, RQ5. The models are tested 
through 𝑘-shot prompting on the extraction task using the Validation 
Set. All models are set up using the prompt described in Section 3.3, 
and with 𝑘 ranging from 0 to 4. We are particularly interested in 
the impact of examples in in-context learning prompts. Although ICL 
typically involves providing prompts with examples, it is rare for stud-
ies to consider the impact that different examples can have on model 
performance. Therefore, for each 𝑘, different combinations of examples 
from the Example Set are tested to check the impact of the chosen 
examples on the performance. Given the vast number of potential 
combinations and permutations of the samples for k ranging from 0 
to 4, it was impractical to evaluate all of them due to computational 
time and resource limitations. Therefore, we randomly sample subsets 
of k examples from the example set. This randomness is intentional 
and aligns with the standard practice in few-shot learning to avoid 
introducing selection bias. To this end, we conducted experiments with 
multiple combinations of k examples. For 𝑘 ∈ {2,3,4}, the chosen 
combinations are permuted in various orders to assess also the impact 
of the order of examples.11 In total, 205 combinations12 are tested 
across the 5 models, resulting in 1025 runs executed on the Validation 
Set that counts 190 news.

11 We do not further discuss the order of the examples since the differences 
were generally small.
12 1 combination for 0-shot, 10 (1-shot), 56 (2-shots), 69 (3-shots), and 69 
(4-shots).

https://ai.meta.com/research/publications/llama-2-open-foundation-and-fine-tuned-chat-models/
https://ai.meta.com/research/publications/llama-2-open-foundation-and-fine-tuned-chat-models/
https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
https://huggingface.co/swap-uniba/LLaMAntino-3-ANITA-8B-Inst-DPO-ITA
https://huggingface.co/swap-uniba/LLaMAntino-3-ANITA-8B-Inst-DPO-ITA
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.1
https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.2
https://huggingface.co/mistralai/Mixtral-8x7B-Instruct-v0.1
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Table 2
The percentage of outputs requiring each specific correction, calculated based on the 
total number of valid JSON outputs. The reported values are an average across all 
tested combinations. 
 Model JSON 

syntax fix
None value 
removal

Schema 
correction

Dictionary 
adjustment

Field 
value fix

 

 LL2-7B 2.9 0.0 4.7 0.5 65.6  
 LL2-13B 0.4 0.0 24.9 0.7 57.3  
 LL3-8B 0.1 0.0 0.5 0.0 4.0  
 LLT3-8B 0.4 0.0 1.1 0.2 7.6  
 M7B1 15.8 1.2 27.0 10.8 51.2  
 M7B2 25.5 0.1 7.9 0.1 33.1  
 Mx7B 52.3 0.0 3.9 0.2 19.5  

5.1.1. Valid JSON output
As explained in Section 4.2.3, all LLM-generated outputs go through 

post-processing that involves a series of verification steps and adjust-
ments aimed at improving JSON validity according to prompt require-
ments. When requirements are not satisfied, specific fixes are applied 
sequentially. Through careful analysis of model outputs, we established 
this sequence of checks and corrections:

1. JSON Syntax Fix. Attempts to properly format the answer as 
a JSON by correcting missing or extra brackets, removing un-
necessary escape characters, and fixing list formatting issues. If 
the output of this correction is still an invalid JSON, it will be 
transformed into an empty JSON.

2. None Value Removal. Eliminates any None values present in 
the lists within the JSON.

3. Schema Correction. Ensures the JSON follows the expected 
schema by adding missing required fields (with empty lists as 
values) and removing any unexpected fields.

4. Dictionary Adjustment. Sometimes, LLMs format linkage sets 
as dictionaries instead of lists, with the extracted spans appear-
ing as their values. Therefore, each dictionary is replaced with 
a simple list containing its values.

5. Field Value Fix. Adjusts list structures based on field require-
ments by flattening nested lists where only a simple list is needed 
(AUTG, VICG, PAR, and LOC) and wrapping single strings in 
sublists where nested lists are required (AUT, VIC and OBJ).

This sequential approach applies corrections one after another, 
though it cannot guarantee transformation of all invalid JSONs into 
valid ones.

Table  2 presents, for each correction, the percentage of outputs in 
which that correction contributed to the transformation of an invalid 
JSONs into a valid one. 

The values clearly highlight that the models requiring the fewest 
corrections are LL3-8B and LLT3-8B, with corrections affecting less than 
8% of their valid outputs. In contrast, models LL2-7B, LL2-13B, and 
M7B1 exhibit a high incidence of the Field Value Fix correction (over 
50%), indicating a strong tendency to incorrectly structure the lists 
that serve as field values. M7B1 also shows the highest incidence of 
None Value removal, Schema Correction, and Dictionary adjustment. 
Additionally, M7B2 and Mx7B demonstrate a high need for the JSON 
Syntax Fix (just over 50% for Mx7B), along with a significant need for 
the Field Value Fix (just over 30% for M7B2).

Table  3 presents the percentage of JSON outputs generated by 
each LLM under zero-shot and few-shot scenarios that could not be 
transformed into valid JSON and were therefore converted to empty 
JSONs. For these few-shot scenarios, we report the average across all 
example combinations. It is evident that the LL2-7B model produces the 
highest percentage of invalid JSONs in the zero-shot setting. Further-
more, the M7B1 model consistently generates a significant proportion 
of invalid outputs (approximately 15%) across all k-shot scenarios. 
In contrast, the LL2-13B, LL3-8B, LLT3-8B, M7B2, and Mx7B models 
6 
Table 3
Percentage of invalid JSON outputs.
 Model k = 0 k = 1 k = 2 k = 3 k = 4 
 LL2-7B 54.7 10.3 2.5 3.4 5.5  
 LL2-13B 8.9 3.8 2.0 1.2 1.9  
 LL3-8B 1.0 3.2 2.1 1.3 0.9  
 LLT3-8B 8.4 10.2 4.0 1.8 1.3  
 M7B1 22.1 12.7 15.9 16.6 18.1  
 M7B2 7.37 4.5 2.2 1.7 1.2  
 Mx7B 1.0 1.2 0.6 0.5 0.4  

maintain a lower incidence of invalid JSONs, each staying below the 
11% threshold, with M7B2 and Mx7B nearing almost no invalid JSONs.

It is important to note that in the zero-shot setup (where no example 
JSON is provided), LL3-8B and Mx7B generate a negligible number of 
invalid JSONs. Additionally, when comparing the two LLaMa models, 
we observe that the model size plays a crucial role in reducing the 
number of invalid outputs. However, this does not apply to LL3-
8B, which, despite being smaller than the largest LLaMa-2 model, 
achieves an even lower rate of corrupted JSONs. Moreover, despite its 
adaptation to Italian, LLT3-8B achieves a worse percentage w.r.t. the 
multilingual model it is based on, LL3-8B, especially for k = 0 and k =
1. Furthermore, there is a significant improvement from the version 1 
of Mistral to the newer version in terms of producing valid trees. The 
trends are also similar for the k-shot approaches, with a clear reduction 
or a small worsening in the number of corrupted JSONs from k = 0 to 
k = 1, and less noticeable improvements thereafter for most models, 
especially after k = 2, when in some cases the number of invalid trees 
increases, although not substantially in any instance.

A more detailed analysis of the invalid outputs identified one error 
pattern. The M7B2 model tends to misformat the AUT field when the 
author names in the news text are presented only as initials (e.g., ‘‘M.R’’ 
instead of ‘‘Mario Rossi’’). No other notable error patterns were found.

5.1.2. Labeled spans
Fig.  2 illustrates EM and PM results on the Validation Set for all 

LLMs. Each group of boxplots corresponds to a k-shot configuration, 
with each individual boxplot showing the distribution of F1-Score val-
ues achieved by each LLM using different combinations of k examples. 
Results for both metrics, EM and PM, follow a similar trend across 
models, but some models are clearly more robust than others.

For instance, LL2-7B and LL2-13B display the most instability, with 
F1-scores averaging 36.1±6.8 for EM and 47.1±6.6 for PM across various 
few-shot configurations. In contrast, M7B2 achieves average F1-scores 
of 57.9±3.5 for EM and 68.9±2.9 for PM. This model shows greater 
variability in the 1-shot configuration compared to the 3-shot and 4-
shot configurations, despite the increased in combinations in the latter 
cases.  LL3-8B, LLT3-8B and Mx7B demonstrate the highest consistency 
across all few-shot configurations. Specifically, LL3-8B achieves an 
average F1-score of 59.1±2.6 for EM and 70.2±1.9 for PM, LLT3-8B 
achieves 55.5±2.8 for EM and 67.5±2.1 for PM, and Mx7B achieves 
56.4±2.9 for EM and 68.6±2.3 for PM.

Providing prompts with a few labeled examples boosts the re-
sults. The performance of LLMs improves as the number of exam-
ples in the prompt increases, but approaching a plateau beyond two 
examples, for all tested models. Still, all models perform worse in 
zero-shot scenarios compared to few-shot scenarios. Specifically, the 
best-performing models, LL3-8B, LLT3-8B, M7B2 and Mx7B, achieve 
their highest performance with 4-shot configurations.

5.1.3. Linkage sets
As discussed in Section 4.2.2, the Jaccard similarity, ranging from 0 

to 1, measures how similar a ground-truth linkage set is to a predicted 
linkage set. To identify confirmed pairs, a threshold for the Jaccard 
similarity must be established, where only candidate pairs with a 
similarity above this threshold are considered true positives. A detailed 
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Fig. 2. Span extraction performance on the Validation Set for all LLMs.
discussion about the evaluation of linkage sets, also on the variation of 
the threshold chosen, is reported in Appendix  C.

Considering that precision, recall, and F1-score should also be eval-
uated in relation to AJ, we select a threshold of 0.3, which provides 
a good AJ. This threshold ensures that at least one out of three spans 
is shared for each confirmed pair. The results presented hereafter will 
refer to this threshold value.

Fig.  3 shows the performance of the LLMs across different 𝑘-shot 
configurations, with 𝑘 ranging from 0 to 4. LL2-7B exhibits consider-
able variability in F1-score across different example set configurations. 
Noteworthy are the models LL3-8B, LLT3-8B, M7B2 and Mx7B, which 
perform the best, achieving F1-scores of up to 70%. In few-shot sce-
narios, the most effective models are LL3-8B, LLT3-8B, M7B2 and 
Mx7B.

Taking into account both assessment span selection and entity 
grouping, LL3-8B, LLT3-8B, M7B2 and Mx7B exhibit superior perfor-
mance across both span selection and entity grouping. On the other 
hand, LL2-7B, LL2-13B and M7B1 exhibit lower performances, high-
lighting that performance does not necessarily improve with an in-
crease in 𝑘.

5.2. Evaluation on the test set

This test directly addresses RQ1, RQ2, RQ5. We study whether 
the prompt and examples are robust against unseen crime news. Due 
to computational restrictions, we sample example configurations fol-
lowing a Gaussian distribution, ensuring a representative spread across 
performance levels. We randomly select models categorized from high, 
medium, and low performance based on the F1-score for PM. In the end, 
7 
the chosen example configurations are 56 (including zero-shot): for 
𝑘 = 1 all the 10 combinations, while for 𝑘 ∈ {2,3,4} 15 combinations.

We evaluated consistency from two perspectives. First, we check 
that the averaged F1-score is consistent across the validation and Test 
Sets for all models. Second, for a given 𝑘, we rank the selected subsets of 
examples based on their F1-scores on both sets and observe if their posi-
tions remain highly stable. To elaborate, on the one hand, Fig.  4 reports 
the averaged F1-scores for different example combinations, comparing 
the performance on the Validation and Test Sets, and showing that 
trends remain consistent across both sets both for span and linkage 
sets F1-scores. On the other hand, we compared the rankings for each 
subset of examples for a given 𝑘 in the Validation and Test Sets, and 
they appear similar. The assessment was done using Spearman’s rank 
correlation coefficient [85], which measures the strength and direction 
of the monotonic relationship between two ranked variables. Table 
4 shows the Spearman’s correlation values for the seven LLMs and 
different 𝑘 values. Regarding PM, all models except M7B1 exhibit a 
high the coefficient, above 0.80, indicating a very strong monotonic 
relationship between the rankings on the two sets. For M7B1 with 
𝑘 ∈ {2,3,4}, the Spearman coefficient is above 0.60, indicating a 
strong monotonic relationship. For linkage sets, LL2-7B, LL2-13B and 
M7B1 exhibit variable coefficient values which do not go beyond 0.63. 
LL3-8B, LLT3-8B, M7B2 and Mx7B show consistently higher values 
across all k values, with LL3-8B achieving a very strong correlation for 
𝑘 ∈ {1,2,3}, LLT3-8B for 𝑘 ∈ {2,3}, and Mx7B for 𝑘 ∈ {1,2}.

Our experiments demonstrated that the models’ performance re-
mained stable across unseen crime news, as validated by consistent 
F1-scores and high Spearman correlation values between the valida-
tion and test sets (Table  4). This stability suggests that the models 
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Fig. 3. Performance of the models on linkage sets with threshold 0.3.
Fig. 4. Performance trends of different LLMs on the Validation Set (solid line) and Test Set (dashed line).
output crime-news representations effectively, enhancing their gener-
alizability beyond the training data. The results indicate that, despite 
being trained on a limited number of annotated articles, the mod-
els can effectively extract event-related information from previously 
unseen documents, highlighting their potential applicability to other 
subdomains of crime news. Recent studies have shown that LLMs can 
generalize well across domains, even in few-shot learning setups [81] 
and that models can also act as adaptive annotators, achieving com-
petitive results with minimal supervision [86]. These findings align 
with our results, suggesting that LLMs could potentially extend their 
8 
capabilities to other event extraction tasks beyond the crime domain, 
such as legal proceedings or accident reports. 
5.3. Comparison to extractive QA and NER models

This testing directly addresses RQ4, RQ5. The final test involved 
comparing the selected seven LLMs, configured for optimal perfor-
mance, with other event extraction methods previously applied to the 
same DICE dataset as described in [10]. This comparison, that in [10] 
was conducted on a very limited set of news articles (30), is now 
proposed on the entire Test Set (406 news). The two multi-span QA 
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Table 4
Spearman correlation between the rankings on the validation set and the test set.
 Model k = 1 k = 2 k = 3 k = 4
 PM LS PM LS PM LS PM LS

 LL2-7B .89 .38 .92 .58 .90 .11 .76 .27
 LL2-13B .95 .09 .92 .62 .97 .62 .78 .53
 LL3-8B .89 .90 .88 .93 .73 .82 .68 .71
 LLT3-8B .64 .93 .87 .96 .75 .86 .61 .76
 M7B1 .24 .63 .86 .44 .78 .26 .70 .39
 M7B2 .99 .77 .85 .61 .70 .70 .67 .49
 Mx7B .85 .94 .87 .84 .84 .61 .95 .66

Table 5
Comparison between Multi-Span QA, NER models, and LLMs on the Test Set in terms 
of precision (P), recall (R) and F1-score. LS refers to linkage sets.
 Model EM (%) PM (%) LS (%)
 P R F1 P R F1 P R F1

 BERT 35.3 23.6 28.3 38.5 26.0 31.0 – – –
 ELECTRA 35.6 24.1 28.7 42.1 30.1 35.1 – – –

 SpacyNER10 53.3 44.6 48.6 57.5 46.5 51.4 – – –
 SpacyNER200 59.6 61.0 60.3 66.8 65.8 66.3 – – –

 LL2-7Bk=3 46.2 48.7 47.4 55.9 58.1 56.9 38.9 37.4 38.1
 LL2-13Bk=2 45.8 49.8 47.7 55.6 63.1 59.1 49.5 54.2 51.7
 LL3-8Bk=3 58.0 63.2 60.5 66.5 73.4 69.8 59.2 64.1 61.5
 LLT3-8Bk=4 54.1 61.7 57.6 64.4 75.3 69.4 52.2 75.0 61.6
 M7B1k=3 48.7 46.7 47.7 56.7 54.1 55.4 40.4 22.2 28.6
 M7B2k=3 56.8 58.2 57.5 65.4 68.1 66.7 53.9 58.7 56.2
 Mx7Bk=4 58.1 61.1 59.5 66.9 76.1 71.2 58.4 61.5 59.9

models are: an Italian instance of BERT13 [49] and an Italian instance of 
ELECTRA14 [87]. Both models were fine-tuned on a translated version 
of the MultiSpanQA dataset [54]. To perform event extraction, for each 
entity, a question in natural language was specified to be given as input 
to the models along with the news text (e.g., What was stolen? for OBJ). 
It is important to note that the AUT and AUTG labels were evaluated 
together using the same question (Who is the thief or criminal?), since the 
answer can include both single author and group of authors, similarly 
to VIC and VICG.

Due to the extensive use of NER systems for extracting crime-
related information, two Italian NER models were included in the 
comparison. Both models were adapted from a pre-trained NER model 
included in the Italian Spacy pipeline it_core_news_md.15 The first 
was fine-tuned using the Example Set (10 news articles) and we call 
it SpacyNER10, while the second underwent fine-tuning on both the 
Example Set and the Validation Set (200 news articles), here named 
SpacyNER200.

In Table  5, the comparison between QA models, NER models and 
LLMs is presented. This evaluation focuses solely on labeled spans, as 
QA and NER models do not provide linkage sets. The bold font was used 
to highlight the best value in each column. LLMs are represented in the 
table with their optimal configurations (calculated on the Validation 
Set). The comparison underscores that QA models exhibit notably poor 
performance, falling behind the adapted NER models by at least 16 
points. SpacyNER200 significantly improves results w.r.t. SpacyNER10, 
demonstrating that this type of model requires a substantial amount of 
data for fine-tuning.

Considering the LLMs, M7B2 achieves results comparable to
SpacyNER200, while LL3-8B, LLM3-8B, and Mx7B remain comparable 
in EM and improve their scores in PM. LL2-7B, LL2-13B, and M7B1, 
are less remarkable, as they remain at least 5 points behind M7B2. We 
report the macro-average scores in Appendix  D for completeness.

13 https://huggingface.co/mrm8488/bert-italian-finedtuned-squadv1-it-alfa
14 https://huggingface.co/anakin87/electra-italian-xxl-cased-squad-it
15 https://spacy.io/models/it
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Table 6
Statistics and comparison of partial match F1-scores among the different labels on Test 
Set.
 AUT AUTG VIC VICG PAR LOC OBJ

 Label statistics
 # spans 513 162 180 23 175 686 664
 % doc with spans 50 24 27 4 43 92 85

 Model F1-score (%)
 BERT 23.8 51.7 56.6 15.8 19.4
 ELECTRA 23.0 51.3 53.9 30.1 27.7

 SpacyNER10 36.2 70.3 67.4 95.4 57.1 56.6 10.5
 SpacyNER200 71.0 78.7 68.3 94.6 61.6 52.6 49.8

 LL2-7Bk=3 57.5 51.4 55.1 91.8 38.7 54.8 56.1
 LL2-13Bk=2 64.2 69.6 60.6 92.7 25.4 47.8 63.7
 LL3-8Bk=3 67.3 70.5 70.3 93.1 59.5 69.3 64.6
 LLT3-8Bk=4 71.3 70.3 72.1 95.4 60.8 65.7 61.8
 M7B1k=3 41.6 68.6 64.5 88.8 55.9 47.8 42.0
 M7B2k=3 68.9 66.1 57.4 92.8 71.6 53.0 66.5
 Mx7Bk=4 74.8 69.0 68.4 95.4 68.7 60.3 69.3

Table 7
Comparison of inference times of the models with and without quantization. The time 
was evaluated on the test set using the best configuration of the example set determined 
on the validation set for each model. 
 Model Average inference time per news article (seconds)
 Without quantization 8-bit quantization 4-bit quantization
 LL2-7B 6.7 5.7 6.0
 LL2-13B 8.8 11.5 6.5
 LL3-8B 2.9 2.9 4.0
 LLT3-8B 3.9 3.7 10.0
 M7B1 6.4 14.8 4.7
 M7B2 6.2 6.2 5.1
 Mx7Ba n.a. n.a. 10.0

a Mx7B model was tested exclusively with 4-bit quantization due to computational 
limitations.

Table  6 presents statistics on the different labels in the Test Set, 
along with the models’ performance on these labels in terms of partial 
match. It is clear that LOC and OBJ have the highest number of spans 
to annotate, appearing in over 80% of the documents. In contrast, the 
third label with the most spans, AUT, is found in only 50% of the 
documents. It is therefore clear that the LOC and OBJ labels are critical 
for a model to perform well, as the scores for the other labels are mainly 
inflated by the lack of spans to predict. It is particularly evident with 
the least frequent label, VICG, where all NER models and LLMs achieve 
an F1-score above 90% or slightly below, as in the case of M7B1.

Four LLMs outperform SpacyNER200 on these two labels, with LL3-
8B, LLT3-8B, and Mx7B standing out by exceeding 60% on both LOC 
and OBJ labels.

5.4. Inference time evaluation

We analyzed the inference times of the seven LLMs used in our 
experiments. Table  7 reports the average inference time per article. On 
average, processing a single news article takes between 2.9 and 8.8 s 
depending on the model (see first column of Table  7). Although this 
time frame allows for large-scale processing of crime news, we explored 
quantization strategies to further optimize efficiency. We applied 8-
bit quantization using LLM.int8() [88] and 4-bit quantization with 
QLoRA [89], leveraging the bitsandbytes Python library.16 Although 
faster inference times were expected, some models exhibit opposite be-
havior. For instance, LL2-13B and M7B1 report longer inference times 
with 8-bit quantization. In contrast, LLT3-8B experiences a substantial 

16 https://huggingface.co/docs/bitsandbytes/index

https://huggingface.co/mrm8488/bert-italian-finedtuned-squadv1-it-alfa
https://huggingface.co/anakin87/electra-italian-xxl-cased-squad-it
https://spacy.io/models/it
https://huggingface.co/docs/bitsandbytes/index
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Fig. 5. Comparison of F1-scores on EM, PM and LS when using no quantization (circles), 8-bit (squares) and 4-bit quantization (crosses). For each model, we selected the optimal 
few-shot configuration and evaluated it using the corresponding quantized version.
performance drop with 4-bit quantization. No notable variations are ob-
served in the other LLMs. These results indicate that quantization does 
not always lead to faster inference times, as has also been confirmed in 
the literature  [90,91].

Although quantization can improve efficiency, it may come at the 
cost of reduced model performance due to lower numerical precision. 
This trade-off is evident in our experimental results for some quantized 
models.

Fig.  5 presents the F1-scores for exact match, partial match, and 
linkage set. Results obtained with 4-bit quantization are marked with 
crosses, those with 8-bit quantization are marked with squares, while 
circles represent the results without quantization. Overall, F1-scores 
do not drastically decline with quantization for most models, where 
only a minor decrease of a few percentage points is observed with 
4-bit quantization. For the LL2-7B model, 4-bit quantization leads to 
a performance decrease. The model most affected by quantization is 
LL2-13B, which experiences the greatest deterioration in F1-scores.

5.5. Limitations

Computational constraints. Our experiments relied on a limited number 
of computational resources, specifically four NVIDIA A100 40 GB GPUs, 
which restricted the number and size of models evaluated. Although 
we aimed to provide insights into the evolution of models across 
families (e.g., LLaMa-2 7B versus 13B) and architectures (e.g., Mix-
tral), this constraint prevented the inclusion of additional models or 
configurations.

Furthermore, while we explored quantization as a strategy to reduce 
inference costs, our results indicate that performance and efficiency 
gains vary across models and are not always consistent. For instance, 
LL2-7B maintained comparable performance with 8-bit quantization, 
but degraded with 4-bit quantization. LL2-13B, on the other hand, ex-
perienced the most significant performance drop. Additionally, as noted 
in the literature, the dequantization process can introduce runtime 
overhead, in some cases offsetting the expected speedup.

These findings highlight a broader challenge — whether the ob-
served performance gains of LLMs, even when optimized through 
quantization, justify the computational cost compared to smaller, less 
resource-intensive models or traditional NER techniques. Future work 
could investigate more adaptive quantization strategies or hybrid ap-
proaches to better balance performance and efficiency [91–94].
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Selection of models to evaluate on the test set. Related to the previous 
point, we conducted extensive experiments on our Validation Set to 
verify how the selection and number of examples influence the models’ 
performance. To the best of our knowledge, this aspect has not been 
widely explored in the context of LLMs. To ensure the robustness of our 
results, we also examined how these findings extrapolate and generalize 
to new, unseen crime news. However, due to limited computational 
resources, we cannot replicate all experiments with all combinations 
on the much larger Test Set. Instead, we sampled a few models from 
the Validation Set according to a normal distribution. We believe this 
approach is relevant and follows good practices, as it highlights the 
importance of reporting results on both Validation and Test Sets to 
ensure generalization, aligning with established research standards in 
NLP [95].
Domain-specific focus and generalization potential. Our work focuses on 
a very specific domain: DEE on Italian crime news articles, where 
each article discusses a single event, i.e. thefts. This narrow scope 
allowed for a detailed analysis and provided an ideal testbed for our 
methodology. Although this choice ensures a controlled setting for 
evaluation, expanding the approach to other domains or multilingual 
settings could further enhance its applicability. For example, some news 
articles describe multiple events that our current approach could be 
adapted to better accommodate. Despite this, the strong correlation in 
rankings across different k-shot settings suggests that the models can 
generalize well to new examples, particularly when example selection is 
optimized. Future research should explore cross-domain evaluations to 
better understand the limits of generalizability. Testing the approach on 
datasets covering diverse event types (e.g., natural disasters, political 
events) could provide further insights into the models’ adaptability to 
varying linguistic structures and event distributions.
In-context learning limitations. The reliance on in-context learning in-
troduces inherent challenges, including sensitivity to prompt design 
and example selection. Although we conducted extensive validation 
experiments to understand these effects, the approach may not con-
sistently perform well across unseen datasets or significantly different 
data distributions. Moreover, in-context learning can be less robust 
than domain-specific training methods when handling noisy, incom-
plete, or ambiguous data, which is common in real-world scenarios. 
In our paper, we rely on manual select of examples done by a domain 
expert.  Some strategies aim to select examples that are semantically 
similar to the test sample as demonstrations [96–99], while other 
works explore the combination of diversity and similarity [100,101]. 



G. Bonisoli et al. Knowledge-Based Systems 317 (2025) 113386 
However, the optimal strategy for selecting demonstration examples 
may be task-dependent, and it remains a common practice to select 
examples randomly. 

6. Conclusion

We studied LLMs’ ability to extract events from Italian crime news 
using minimal annotated information, through zero-shot prompting and 
few-shot in-context learning. The paper explored various aspects of 
event extraction relevant for the domain at hand, including identi-
fying event entities, linking related information, and formatting data 
for downstream applications. We tested various LLMs and observed 
interesting trends. All models benefited from seeing examples, but their 
effectiveness showed clear diminishing returns after only two examples. 
Still, in a fixed few-shot setting, the specific examples mattered. Thus, 
although selecting optimal samples was beyond the scope of this paper, 
it is a topic we believe is worth studying as future work. Overall, Mistral 
7B v2 and Mixtral 7B were the most robust models among the tested 
ones, while Llama-2 7B exhibited the least robustness. This superiority 
was evident in both their ability to select the correct textual spans for 
events and to group related entities. Furthermore, the tests conducted 
in this paper have allowed us to address each of the research questions 
outlined in Section 1:
RQ1. How effective are LLMs in performing document-level event ex-
traction from Italian crime news with low annotated data? Are there 
performance differences between LLMs? LLMs, particularly through zero-
shot prompting and in-context learning, achieved meaningful results 
with minimal labeled data. While zero-shot outputs were competitive, 
in-context learning provided better results, demonstrating that LLMs 
are effective for this task even with limited data. LL3-8B, LLT3-8B, 
M7B2 and Mx7B are consistently among the best performers. These 
models achieve the highest F1-scores and demonstrate the greatest 
robustness across different few-shot configurations. Models like LL2-7B 
and LL2-13B display higher variability and instability in their per-
formance. They tend to have lower average F1-scores and greater 
fluctuations across different few-shot example configurations compared 
to the four best LLMs.
RQ2. What is the impact of zero-shot prompting versus in-context learning 
on the accuracy and robustness of event extraction? All models perform 
worse in zero-shot scenarios compared to few-shot scenarios, high-
lighting the importance of having at least some annotated data. The 
study highlighted that in-context learning’s performance varied signifi-
cantly based on the examples shown, indicating that carefully selected 
examples can enhance the accuracy and robustness of the results.
RQ3. How do the number, selection, and combination of examples for 
in-context learning affect the performance and stability of LLMs in event 
extraction? The performance of in-context learning models varied sig-
nificantly with different sets of examples. This suggests that the quality 
and relevance of examples are critical for optimizing the model’s per-
formance. The evaluation showed stable trends across Validation and 
Test Sets, and the Spearman’s rank correlation was used to assess the 
stability of rankings across different example subsets, confirming the 
impact of example selection on model stability.
RQ4. How are LLMs compared to traditional extractive QA and NER mod-
els? LLMs outperform traditional extractive QA models like Italian BERT 
and ELECTRA when evaluated on the same dataset. Specifically, models 
such as LL3-8B, LLT3-8B, M7B2 and Mx7B achieve significantly higher 
F1-scores compared to these QA models. Among the NER models, 
SpacyNER200 delivers results comparable to the top-performing LLMs. 
However, it is important to note that achieving this required domain 
adaptation using 200 news articles. In contrast, the LLMs achieved high 
scores without any training, relying solely on ICL. This highlights their 
greater effectiveness in scenarios with minimal annotated data.
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RQ5. What are the specific challenges encountered in identifying and as-
sociating event-related text spans in Italian crime news, and how effectively 
do the LLMs address these challenges? The primary challenges included 
identifying text spans corresponding to event entities, associating re-
lated spans to the same entity, and formatting the extracted data into 
a structured JSON format. Despite these challenges, LLMs with zero-
shot and in-context learning effectively addressed them, achieving an 
F1-score of around 60% for exact span detection. LL2-7B produces the 
highest percentage of invalid JSONs in zero-shot settings, while LL3-
8B, LLT3-8B, M7B2 and Mx7B maintain a lower incidence of invalid 
outputs across different k-shot scenarios.

Future work will focus on assessing the generalization of the
methodology across various domains and developing a technique for 
extracting event-related data from multi-event documents.
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Appendix A. Prompts

The prompt we used is shown in Fig.  A.6.

Appendix B. LLM inference hyperparameters

Table  B.8 reports the list of hyperparameters used for the inference 
phase to generate responses. The first column lists the parameters 
used with the LLaMA models: LL2-7B, LL2-13B, LL3-8B, and LLT3-8B. 
The second column pertains to the Mistral models: M7B1, M7B2, and 
Mx7B. 
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Fig. A.6. Final version of the prompt.
Table B.8
Hyperparameter list for LLaMA and Mistral models.
 Hyperparameter LLaMa models Mistral models
 Max_new_token 1000 1000
 Top_p 0.9 1.0
 Top_k 50 50
 Temperature 0.6 1.0

Appendix C. Grouping of entities in linkage sets

Table  C.9 explores the impact of varying the threshold on the 
accuracy and quality of the linkage sets. As the threshold increases, 
the number of confirmed pairs (i.e., true positives) decreases, while 
false positives (predicted linkage sets not part of any confirmed pair) 
and false negatives (ground-truth linkage sets not part of any confirmed 
pair) increase. This leads to very low precision, recall, and F1-score val-
ues even for a threshold of 0.5. No results are reported for values above 
0.5, as they would further reduce precision and recall. As expected, 
with such high and restrictive threshold, the Average Jaccard Similarity 
(AJ) is very high. On the other hand, with very low thresholds, the 
number of true positives is high (reaching the maximum possible with 
no threshold), and both false negatives and false positives decrease 
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accordingly. As a result, precision, recall, and F1-score achieve good 
values at thresholds of 0.1 and 0.3.

For a threshold of 0.3, Fig.  C.7 displays the percentage of ground-
truth paired linkage sets (recall) and the average Jaccard index for 
these paired sets. Each group of boxplots corresponds to a k-shot config-
uration, with each individual boxplot showing the distribution of recall 
and Jaccard similarity values achieved by each LLM using different 
combinations of k examples. The LLMs display significant variability 
across different few-shot configurations, underscoring the impact of 
example combinations on the effectiveness of grouping linkage sets. 
In Fig.  C.7(a), it is evident that the most effective models in few-shot 
scenarios are LL3-8B, LLM3-8B and Mx7B. For 𝑘 ≥ 2, the average 
number of paired linkage sets remains relatively stable. In Fig.  C.7(b), it 
is clear that for all models, the average Jaccard Similarity increases as 
the number of provided examples grows. This suggests that providing 
more examples enhances the models’ ability to accurately group spans 
referring to the same entity. 

Appendix D. Macro-average performance

Table  D.10 shows the results obtained on the Test Set using the 
macro-average across the different labels. Comparing these results with 
the micro-average scores, we can notice that trends remain consistent.
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Fig. C.7. Recall (a) and Average Jaccard Similarity of true positives (b) for linkage sets with threshold 0.3.
Table D.10
Macro-average performance on the Test Set, each with its best configuration.
 Model EM (%) PM (%) LS (%)
 P R F1 P R F1 P R F1

 BERT 35.5 28.1 30.8 38.6 30.5 33.5 – – –
 ELECTRA 36.2 28.0 31.1 42.4 33.7 37.2 – – –

 SpacyNER10 56.8 50.3 52.8 59.1 51.8 54.8 – – –
 SpacyNER200 63.1 63.8 63.2 69.0 67.9 68.2 – – –

 LL2-7Bk=3 50.9 50.7 50.2 58.1 58.5 57.9 33.7 35.3 33.6
 LL2-13Bk=2 51.4 51.5 51.1 59.1 62.8 60.6 42.2 44.9 43.3
 LL3-8Bk=3 63.6 64.1 63.4 69.6 72.5 70.6 58.3 47.0 51.1
 LLT3-8Bk=4 60.7 64.0 61.9 68.4 75.1 71.0 49.9 69.3 57.8
 M7B1k=3 54.3 51.3 52.5 60.2 57.3 58.4 34.9 19.6 24.6
 M7B2k=3 60.1 60.5 60.2 67.2 69.3 68.1 49.7 58.7 52.5
 Mx7Bk=4 61.8 63.7 62.6 69.1 76.3 72.3 55.3 64.7 58.7
Data availability

The DICE dataset is publicly available at https://github.com/federi
carollo/Italian-Crime-News. The Example Set, Validation Set, Test Set, 
the prompt used and the annotations generated by the seven LLMs are 
available at https://github.com/federicarollo/Document-Level-Event-
Extraction.
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Table C.9
Evaluation of LLMs on the Validation Set for grouping entities into linkage sets as a function of threshold variation. The results are in terms of precision (P), recall (R), f1-score 
(F1) and Average Jaccard Index of true positives (AJ), expressed in percentage. The metrics are reported for each number of shots, which is denoted by 𝑘. In the case of 𝑘 ≥ 1, 
the average is reported across all example combinations. 
 Model Threshold k = 0 k = 1 k = 2 k = 3 k = 4
 P R F1 AJ P R F1 AJ P R F1 AJ P R F1 AJ P R F1 AJ

 
LL2-7B

n.d. 18 30 22 30 42 65 50 44 50 74 58 50 48 77 58 51 46 77 57 52
 0.1 11 18 13 50 28 44 34 66 37 55 44 67 36 58 43 69 35 58 43 70
 0.3 8 14 11 58 24 38 29 73 31 47 37 74 31 51 38 76 31 51 38 76
 0.5 3 5 4 95 15 23 18 93 19 30 23 94 20 33 24 95 20 33 24 95

 
LL2-13B

n.d. 37 80 50 41 48 72 57 50 48 78 59 55 46 75 57 54 47 69 56 54
 0.1 29 63 40 52 36 53 42 67 38 61 46 70 35 57 44 70 36 52 43 72
 0.3 22 48 30 62 31 46 37 74 33 54 41 76 31 51 38 76 32 47 38 77
 0.5 10 21 13 85 20 29 23 92 22 36 27 93 21 35 26 92 22 32 26 93

 
LL3-8B

n.d. 51 58 54 53 49 69 57 65 59 72 64 72 58 75 65 77 59 76 66 79
 0.1 50 57 53 53 49 69 57 65 59 71 64 72 58 75 65 77 59 76 66 79
 0.3 36 41 38 66 41 59 48 73 53 65 58 77 55 70 61 80 56 72 63 82
 0.5 21 24 22 84 26 38 31 89 37 45 40 92 40 52 45 93 42 55 48 94

 
LLT3-8B

n.d. 41 57 47 45 47 66 55 64 53 74 62 71 55 79 65 75 56 80 66 77
 0.1 39 55 46 46 46 66 54 65 53 74 62 71 55 79 65 75 56 80 66 77
 0.3 26 36 30 58 39 56 46 72 48 67 57 76 51 74 60 79 53 76 62 80
 0.5 11 16 13 80 24 36 29 89 32 46 38 92 36 53 43 93 39 56 46 93
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n.d. 35 57 44 28 48 56 51 42 52 49 50 46 50 45 47 49 47 45 46 49
 0.1 22 35 27 46 34 40 37 58 38 36 37 63 37 33 35 66 34 33 33 67
 0.3 15 23 18 58 27 32 29 67 31 29 30 71 31 28 29 74 30 28 29 74
 0.5 6 9 7 86 14 17 15 90 18 17 18 92 19 17 18 93 18 17 18 94

 
M7B2

n.d. 44 73 56 46 59 75 66 56 66 77 71 59 68 76 71 60 71 76 73 62
 0.1 38 62 47 54 51 65 57 65 57 67 62 68 59 67 63 69 62 67 64 70
 0.3 28 47 35 65 43 55 49 72 50 59 54 74 53 59 55 75 56 60 58 75
 0.5 14 22 17 89 27 34 30 91 32 38 35 91 35 39 37 91 38 41 37 91
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