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Abstract. Privacy policies often fall short of providing a compre-
hensive account of how personal data is used, thus failing to com-
ply with GDPR requirements. By doing so, they hamper the users’
ability to make informed decisions about using services while en-
suring that their data is used properly and fairly. This calls for au-
tomatic tools that can effectively identify potentially unlawful poli-
cies. Some initial tools have been developed for policies written in
English. However, in the EU, whose 24 spoken languages are an
integral part of its cultural heritage, such tools must address multi-
lingualism. To this end, we present a new corpus of Italian privacy
policies, with clauses labelled by experts in data protection law, to
indicate the level of comprehensiveness of information. We focus on
the categories of data processed, classifying each clause as either suf-
ficiently or insufficiently informative (“vague”). We perform 6 dif-
ferent classification and detection tasks, comparing the performance
of BERT-based models and generative Large Language Models. We
also perform cross-language experiments to evaluate whether a pre-
existing English corpus or classifiers can be leveraged for Italian and,
vice versa, whether our corpus is informative enough to generalize to
other languages.

1 Introduction

In the European Union (EU), Privacy policies are governed by the
General Data Protection Regulation (GDPR),2 which seeks to ensure
the lawful, fair, and transparent processing of personal data. GDPR
article 12 requires such policies to be “concise, transparent, intelli-
gible, and easily accessible,” and formulated in “clear and plain lan-
guage.” These requirements implicitly demand that information be
made available in the native languages of the intended audiences.
However, despite some improvements since the GDPR’s enactment,
empirical studies show that privacy policies are not only growing
longer and vaguer [46], but also continue to fall short of GDPR re-
quirements [10, 29, 30, 32]. A recent study [15] found that none of
the English-language privacy policies examined were fully GDPR
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compliant. This widespread lack of compliance highlights the ur-
gency of developing effective compliance-monitoring tools.

There are various reasons why a privacy policy may fail to com-
ply with GDPR. Under Articles 13 and 14, privacy policies can be
deemed unlawful if they: (1) omit information required by the reg-
ulation, (2) allow data processing beyond GDPR limits, or (3) use
unclear language. We focus on the first aspect and address the task
of identifying, within a given privacy policy, the clauses that can
be deemed unlawful because they do not fully provide all the in-
formation required by law. We refer to them as insufficiently infor-
mative or vague. We focus on clauses that describe the kinds of data
to be processed through vague and open-ended definitions. Insuffi-
ciently informative clauses typically contain phrases like “we collect
data about your use of our service” or open-ended expressions like
“such as”, “including”, “for example”. Such imprecise or deliber-
ately vague descriptions make it difficult for consumers to understand
what information is collected about them and how companies use it,
undermining their ability to make informed decisions about whether
and how to use services.

Previous work on this task has focused on English documents [15].
However, linguistic diversity is a foundational principle of the EU,
standing as a key symbol of European historical, political, social and
cultural diversity.3 From a legal perspective, the EU’s commitment
to multilingualism plays a crucial role in ensuring legal certainty,
clarity, transparency, and democratic accountability. Reflecting this,
EU legislation is published in all official languages. 4

In Europe, multilingualism plays an important role not only in
public documents, but also in legal information provided by private
actors, such as contracts and privacy policies. Thus, a multilingual
approach facilitates the monitoring of market and personal data prac-
tices, since in the EU, consumer and data protection authorities, as
well as non-governmental organisations, tend to operate in their lan-
guages.

3 See the Communication of 22 November 2005 “A New Framework Strategy
for Multilingualism” (COM(2005) 596 final), available at
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=legissum:c11084

4 Judgment of the Court of 6 October 1982, C-283/81 - CILFIT,
ECLI:EU:C:1982:335, available at
https://eur-lex.europa.eu/legal-content/EN/TXT/?uri=celex:61981CJ0283,
paragraph 18.



Despite technological advances, such as Large Language Mod-
els (LLMs), advancements in multilingual legal applications are de-
layed due to the nature of legal language, which does not merely
vary lexically across different languages, but also reflects distinct
cultures and conceptual frameworks. A single term may carry di-
vergent legal meanings depending on the jurisdiction, institutional
context, or interpretive tradition in which it is embedded. This se-
mantic and normative variability complicates cross-linguistic align-
ment, making it difficult for multilingual models to achieve reliable
performance in tasks such as clause classification or compliance as-
sessment. These challenges are further compounded by the scarcity
of annotated datasets in some European languages, especially those
of less populated Member States.

In this work, we focus on the automatic analysis of Italian pri-
vacy policies to examine methodologies for developing robust mul-
tilingual legal tools. In particular, we investigate whether it is neces-
sary to build language-specific models and corpora, or if multilingual
techniques can support scalable solutions across languages. We ad-
dress the following research questions:

1. When an annotated Italian corpus is available, what is the most
effective method for detecting insufficiently informative clauses?

2. Can knowledge be transferred across languages, by leveraging ex-
isting English resources?

3. Is an Italian corpus informative enough to enable the task in other
languages, e.g., English?

To this end, we build the first Italian corpus for insufficiently in-
formative clause detection, consisting of 30 annotated privacy poli-
cies. We use it to perform an extensive experimentation with multi-
ple classification tasks in detecting insufficiently informative clauses
in Italian. Our analysis considers a variety of models and learning
paradigms, for a total of 84 experiments. Then, we use Grundler et al.
[15]’s English corpus and classifiers trained on it to perform the task
in Italian. We experiment with several cross-language techniques, in-
cluding machine translation and multilingual models, for a total of 32
experiments. Finally, we evaluate the effectiveness of our Italian cor-
pus as a resource for training models to perform the task on English
documents. We do that by way of cross-language experiments. To the
best of our knowledge, this is the first time such a task is addressed
by applying cross-language techniques.

Our results indicate that BERT-based models outperform LLMs,
and that English and Italian training data may be used interchange-
ably with comparable results. This suggests that our corpus could be
a valuable resource to train models for other languages.

We make our corpus and our code publicly available.5

2 Related Work
2.1 Automatic Analysis of Privacy Policies.

Clause classification and information extraction from privacy poli-
cies have been widely explored with machine learning, mainly to
detect and summarise key information for consumer understanding.

Early tools such as PI-Extract [6] used a BLSTM-CRF model
on a semi-automatically annotated corpus of 30 policies to identify
types of personal data and associated actions (e.g., collection, shar-
ing). PrivacyGuide [40] classified and summarised privacy policies
by data practices and risk levels, using a manually annotated dataset
of 45 documents and experimenting with traditional classifiers such
as Naive Bayes and SVMs. Moving toward compliance assessment,

5 https://github.com/nlp-unibo/Privacy-Policies-Compliance

Amaral et al. [2] developed an AI-assisted method to check GDPR-
required elements (e.g., purposes, legal basis) against 23 complete-
ness criteria supported by a user questionnaire, while AutoCompli-
ance [24] employed BERT-based models to detect ten types of GDPR
Article 13 information from 304 policies and flag compliance issues.

With the rise of large language models (LLMs), recent work has
benchmarked their performance. PolicyGPT [39] outperforms tra-
ditional models in sentence classification, while Torrado et al. [43]
show that GPT-3 and GPT-4 can reliably identify types of data col-
lected, offering competitive alternatives to earlier approaches.

By contrast, relatively few studies target vagueness in privacy poli-
cies, and to our knowledge, none focus on Italian texts. Early work
by Reidenberg et al. [33] analysed five privacy policies to develop a
grounded theory of vague and ambiguous terms, introducing a man-
ual scoring method to compare sectors and highlighting differences
in U.S. legal frameworks. Lebanoff and Liu [19] built neural models
for vague term detection using a manually annotated corpus, test-
ing context-aware and adversarial approaches. Liu et al. [22] trained
neural networks to generate embeddings capturing both semantic
and vagueness-related features, later explored through a visualisa-
tion tool. Building on this, Lian et al. [20] proposed the F-vague-
Detector, which identifies “supporting evidence” and distinguishes
four patterns of false vagueness. Most recently, Malik et al. [27]
enhanced vagueness annotations on 100 policies, using entropy and
standard deviation measures, and pioneered transformer-based mod-
els for sentence-level vagueness scoring.

Finally, work has begun to address insufficiently informative
clauses. Grundler et al. [15] created a novel dataset and benchmarked
two monolingual BERT models alongside LLMs. Our contribution
extends this line by testing multilingual models, advanced prompt-
ing strategies, and cross-lingual transfer learning, with a focus on
Italian privacy policies - a setting largely unexplored to date.

2.2 Multilingual Transfer Learning.

Multilingualism in natural language processing can significantly re-
duce the need for language-specific annotation and model training,
by means of cross-lingual transfer learning, which leverages exist-
ing resources in a different language. However, it is seldom applied
in the legal domain because of the specific technical terms that are
often difficult to translate, the scarcity of multilingual legal datasets,
and because a legal document often pertains to a specific jurisdic-
tion linked to a single specific language. Isbister et al. [17] explore
the effectiveness of building monolingual models for low-resource
languages compared to using machine translation with existing En-
glish models. Their case study on Scandinavian languages for sen-
timent analysis shows that machine translation often yields better
results. Chalkidis et al. [8] investigate cross-lingual transfer in le-
gal NLP using multilingual models, leveraging the MULTIEURLEX
dataset with EU laws translated into 23 languages. They find that,
while multilingual models perform slightly worse than monolin-
gual ones in same-language settings, they suffer a significant drop
in performance when fine-tuned and tested on different languages,
though this can be partially improved with adaptation techniques.
Work by Artetxe et al. [3] shows the potential of translating the test
set into English and running inference with a monolingual model,
by using a stronger machine translation system that addresses the
mismatch between the original test and the machine-translated one.
However, their findings show that the optimal approach is highly
task-dependent. Galassi et al. [12] compare test-translation and train-
translation with annotation projection, from the English version of



Table 1. Composition of our Italian corpus and comparison with the English corpus by Grundler et al. [15].

Element Ita Eng
documents 30 30

sentences 5862 6156

cat 875 770
Sufficiently inf. 220 201

Insufficiently inf. 655 569

Element Open Closed Tot

Ita Eng Ita Eng Ita Eng
Category 535 504 202 211 737 715

SubCategory 1187 1004 1150 1226 2337 2230
Specification 475 454 3 8 478 462

Kind Ita Eng Kind Ita Eng Kind Ita Eng
DeviceInfo 428 376 GeoInfo 138 111 Images 27 36

Gen 427 338 Metadata 104 101 InternetHistory 17 33
UsageData 301 277 UserProfileInfo 97 97 Financial 18 27

UserGenerated 200 203 CommunicationProv 73 75 Gov 22 24
BasicAccountInfo 172 190 SocialInteraction 41 68 AudioTyping 10 21

ContactInfo 202 176 ContentPreferences 35 58 CriminalRecord 10 16
Purchase 132 146 Settings 36 56 LicensingInfo 6 6
Payment 167 137 IdentityVerificationInfo 55 47 ListFriendsInfo 6 6

HealthFitness 126 120 Performance 38 44 Deidentified 2 3
Demographic 161 113 ContactList 22 40 Languageanalysis 1 0

each document into the corresponding sentences of the document
in the target language. Other approaches include the use of an ad-
versarial training and a language arbitration framework to make the
LM embeddings as language-invariant as possible [5], or learning an
alignment between word embeddings in different languages [18, 45],
and use this sort of mapping function to transfer features from one
language into another.

3 Corpus and Guidelines

3.1 Data Source

Our starting point is the corpus produced by Grundler et al. [15], con-
sisting of 30 English privacy policies from online platforms, as de-
tailed in Table 1. Its annotations concern comprehensiveness of infor-
mation, with a focus on the categories of personal data. We collected
the corresponding Italian privacy policies. For each policy, we used
the version uploaded or modified by the platform on a date close to
the upload or modification for the corresponding policy in English, to
maximize the coherence between our corpus and the one in English.

A comparative analysis of our documents with the English version
revealed notable differences. Italian policies are consistently longer,
largely due to the relative verbosity of the language. However, some
discrepancies go beyond mere linguistic expansion. For instance, Ya-
hoo’s Italian policy (7,472 words) is significantly longer than its En-
glish counterpart (2,785 words) and provides more detailed descrip-
tions of data collected and processing contexts. Similar divergences
were found for Uber (IT: 9,584; EN: 7,938), Blizzard (IT: 7,331; EN:
5,274), and PayPal (IT: 8,320; EN: 6,532).

3.2 Guidelines

Based on the methodology developed by Grundler et al. [15], the cor-
pus annotation was done at sentence and sub-sentence levels, focus-
ing on the clauses informing the user of the personal data processed
by the online service. We assumed that each clause on the categories
of data concerned (CAT) can be classified as: (1) sufficiently informa-
tive, if the concerned categories of personal data are comprehensively
specified and not vague (LEVEL=“1”); or (2) insufficiently informa-
tive in all the other cases (LEVEL=“2”). This assessment depends on

Table 2. Criteria for assessing clause vagueness, from Grundler et al. [15].
“Any” refers to both “Open” and “Closed” values.

Sufficiently Informative
Level=“1”

Insufficiently Informative
Level=“2”

Rule 1
Category = “Closed”
No Specification
No Subcategories

Rule 1
Category = “Open”
No Specification
No Subcategories

Rule 2
Category = “Closed”
Specification = Any
SubCategory = Any

Rule 2
Category = “Open”
Specification = “Open”
Subcategory = Any

Rule 3
Category = “Open”
Specification = “Closed”
SubCategory = “Closed”

Rule 3
Category = “Open”
Specification = “Closed”
Subcategory = “Open”

a set of mandatory and optional sub-elements and attributes. In par-
ticular, we described each category of data (CATEGORY) specified in
the clause through the following mandatory attributes:

• ID: a numeric string corresponding to the location of the (term
denoting the) category in the policy.

• KIND: the terms describing the category of data and so identifying
its content, e.g., geolocation, payment, usage, contact information.

• TYPE: the precision of terms describing the category. In this re-
gard we differentiated between:

– Open terms, i.e., terms that vaguely abstract and create ambi-
guity as to the scope of the category. For instance, “usage in-
formation" is a broad concept, which may include a variety of
data, such as the amount of time spent in an app or website, the
goods users search for and their browsing behaviour.

– Closed terms, i.e., concrete terms that clearly and unambigu-
ously identify the data to be processed. For instance, “payment
information” only refers to a well circumscribed set of infor-
mation, e.g., full name, credit card number and expiration date,
or bank account.

• REF: the link between top-level categories (CATEGORY), to cap-
ture the contextual relationships between them.

The description of a category (e.g., “geolocation data”) may also in-
clude two optional sub-elements: specification (e.g., “such as”) and
sub-category (e.g., “GPS information”).

SPECIFICATION introduces a list of sub-categories of data, each
denoting a specialization of the given category. It has the following



<CAT LEVEL="1"> To create <CATEGORY ID="C1"
KIND="BASICACCOUNTINFO" TYPE="CLOSED"> an ac-
count </CATEGORY> you need to provide data <SPEC-
IFICATION TYPE="OPEN" REF="C1"> including <SUB-
CATEGORY KIND="BASICACCOUNTINFO" TYPE="CLOSED"
REF="C1"> your name </SUBCATEGORY> , <SUBCATEGORY
KIND="BASICACCOUNTINFO" TYPE="CLOSED" REF="C1">
email address </SUBCATEGORY> and/or <SUBCATEGORY
KIND="BASICACCOUNTINFO" TYPE="CLOSED" REF="C1">
mobile number </SUBCATEGORY> , and <SUBCATEGORY
KIND="BASICACCOUNTINFO" TYPE="CLOSED" REF="C1"> a
password </SUBCATEGORY> </SPECIFICATION>. </CAT>

<CAT LEVEL="1"> Per creare <CATEGORY ID="C1"
KIND="BASICACCOUNTINFO" TYPE="CLOSED"> un ac-
count </CATEGORY> deve fornire alcuni dati che <SPEC-
IFICATION TYPE="OPEN" REF="C1"> includono <SUB-
CATEGORY KIND="BASICACCOUNTINFO" TYPE="CLOSED"
REF="C1"> il Suo nome </SUBCATEGORY> , <SUBCATEGORY
KIND="BASICACCOUNTINFO" TYPE="CLOSED" REF="C1">
indirizzo email </SUBCATEGORY> e/o <SUBCATEGORY
KIND="BASICACCOUNTINFO" TYPE="CLOSED" REF="C1">
numero di cellulare </SUBCATEGORY> , e <SUBCATEGORY
KIND="BASICACCOUNTINFO" TYPE="CLOSED" REF="C1"> una
password </SUBCATEGORY> </SPECIFICATION>. </CAT>

[LinkedIn, 11/08/2020] from Grundler et al. [15]. [LinkedIn, 11/08/2020] from our novel Italian corpus.

<CAT LEVEL="2"> We receive <CATEGORY ID="C1" KIND="GEN"
TYPE="OPEN"> information about you </CATEGORY> from mer-
chants as well as payment and transaction fulfillment providers,
<SPECIFICATION TYPE="OPEN" REF="C1"> such as <SUBCAT-
EGORY KIND="PURCHASE" TYPE="CLOSED" REF="C1"> pay-
ment confirmation details </SUBCATEGORY> , and <SUBCATE-
GORY KIND="PURCHASE" TYPE="CLOSED" REF="C1"> informa-
tion about the delivery of products you have purchased </SUBCAT-
EGORY> through our shopping features </SPECIFICATION>. </CAT>

<CAT LEVEL="2"> Riceviamo <CATEGORY ID="C1" KIND="GEN"
TYPE="OPEN"> informazioni su di voi </CATEGORY> da commer-
cianti nonché da fornitori di servizi per transazioni di pagamento
e di acquisto, <SPECIFICATION TYPE="OPEN" REF="C1"> come
ad esempio <SUBCATEGORY KIND="PURCHASE" TYPE="CLOSED"
REF="C1"> le informazioni di conferma del pagamento </SUB-
CATEGORY> , nonché <SUBCATEGORY KIND="PURCHASE"
TYPE="CLOSED" REF="C1"> sulla consegna dei prodotti da voi
acquistati </SUBCATEGORY> attraverso le nostre funzionalità di
shopping </SPECIFICATION>. </CAT>

[TikTok, 19/11/2023] from Grundler et al. [15]. [TikTok, 19/11/2023] from our novel Italian corpus.

Figure 1. Examples of annotated clauses in English (left) and Italian (right).

mandatory attributes.

• TYPE: whether the specification is an exhaustive (“Closed”) or an
open-ended list (“Open”). That is usually signalled by the word-
ing through which the list is introduced. For example, “it means”,
“namely”, “limited to”, refer to closed catalogues, while, “such
as”, “for example”, “including”, introduce open lists.

• REF: The link between the specification and each category it refers
to (e.g. between “such as” and “geolocation data”).

SUBCATEGORY denotes the specialization of the given CATE-
GORY. Each one is described through the mandatory attributes kind
and type – in line with those of the CATEGORY– and link (REF) be-
tween the SUBCATEGORY and CATEGORY it refers to (e.g., between
“GPS information” and “geolocation data”).

Based on these hierarchical levels of annotation, a set of rules
to assess whether a clause is sufficiently informative have been de-
signed, as detailed in Table 2. The classification into sufficiently in-
formative (Level 1) or insufficiently informative (Level 2) depends
on whether the terms used are precise or vague, and whether any
vagueness is resolved through further details. Essentially, the rules
check whether vague terms (if any) are adequately anchored by spe-
cific, concrete descriptions, ensuring users understand exactly what
data is being collected. Examples can be found in Figure 1.

3.3 Annotation Process and Validation

The corpus was annotated using Gloss [36] by a legal expert who is
an Italian native speaker and fluent in English. Even if the guidelines
include clear definitions of the labels, as with any manual annotation
task on legal data, there is a margin of error that can be expected
due to the length of the documents and the fine-grained level of la-
bels. Consequently, we used the English dataset by Grundler et al.
[15] to conduct a preliminary annotation training phase, allowing the
annotator to refine their understanding of the guidelines before pro-
ceeding with the creation of the novel Italian corpus. The expert it-
eratively annotated three English policies and compared their result

with the dataset’s golden labels. This procedure was repeated three
times, using different policies each time.

As validation, we measure the inter-annotator agreement between
the expert’s label in the last annotation round and the golden stan-
dard. We calculate the Cohen’s κ [9] on the labeled elements at
word-level, with the same methodology used by Grundler et al. [15].
The three fine-grained metrics are: (i) for each sentence in the doc-
ument, if it is CAT or not; (ii) for each term in a CAT sentence, if
the term is CATEGORY, SUBCATEGORY, or neither; (iii) for each
term in a CAT, if it is a SPECIFICATION or not. The scores are 0.84
for CAT and CATEGORY/SUBCATEGORY, and 0.91 for SPECIFICA-
TION, indicating strong agreement. The Cohen’s κ on the attributes
are 0.77 for LEVEL, 0.74 for TYPE, and 0.71 for KIND, indicating
good agreement. This indicates that our annotator and the annotators
of Grundler et al. [15] have a similar interpretation of the guidelines.

3.4 Corpus

Our final corpus consists of 875 CAT clauses out of 5,862 total sen-
tences. 220 clauses are labeled as sufficiently informative, and 665 as
not. Table 1 shows detailed statistics on our Italian corpus and a com-
parison with the English corpus. Our corpus contains a higher num-
ber of CATs and elements, probably due to the higher average word
count per document. Counterintuitively, the total number of closed
elements is lower than in English. The dataset is publicly available.

4 Method
4.1 Task Definition

In this study, we follow Grundler et al. [15] and address the following
six tasks. Each task is performed independently from the others.

• CAT classification: given a sentence, classify it as CAT or non-CAT.
• INFORMATIVENESS classification: given a CAT sentence, classify

it as sufficiently informative (LEVEL=1) or insufficiently informa-
tive (LEVEL=2).



• TYPE classification: given a CATEGORY or SUBCATEGORY, clas-
sify it as Open or Closed.

• KIND classification: given a CATEGORY or SUBCATEGORY, clas-
sify it as one of the 30 possible KINDs.

• CATEGORY/SUBCATEGORY detection: given a CAT sentence, find
the spans corresponding to CATEGORies and SUBCATEGORies.

• SPECIFICATION detection: given a CAT sentence, find the spans of
text corresponding to SPECIFICATIONs.

For the first task, we segment the text into sentences using the
SPACY library. SPECIFICATIONs are excluded from the TYPE clas-
sification task, despite having the TYPE attribute, because they have a
completely different structure and because there are only 3 examples
of Closed SPECIFICATIONS in the dataset.

In designing the CATEGORY/SUBCATEGORY detection task, we
group the two concepts together because they never overlap and can
influence each other, while SPECIFICATIONS generally overlap with
SUBCATEGORIES, so they are detected independently.

For the detection tasks, we consider two settings: (i) the BIO tag-
ging format, where each token/word is classified as B-Class (begin),
I-Class (inside) or O-Class (outside) for each class in question, and
(ii) the IO tagging format, where the B tokens are tagged as I, re-
sulting in I-Class and O-Class only. IO tagging is easier to learn,
especially since the B class is often under-represented. However, the
BIO tagging is required when one needs to distinguish between adja-
cent entities, as in the case of SUBCATEGORIES. We have therefore
decided to experiment with both settings for both detection tasks to
have a more complete experimental analysis.

Experiments were conducted using train-validation-test splits with
rate 60%-20%-20%, determined at the document level with the same
distribution used by Grundler et al. [15].

4.2 Models

For all tasks, we experimented with four BERT models: three Italian
models (ITALIAN-LEGAL-BERT [21], Italian BERT [37] and
UmBERTo [31]) and one multilingual model (BERT multilingual
[11]), and two generative LLMs (Gemini 2.0 Flash [14] and Llama-
3.1-8B-Instruct [25]).6 We also made a preliminary evaluation with
LLamantino [4], an LLM developed for Italian, before deciding to
exclude it from our full experimentation to focus our computational
budget on the most promising models. Indeed, the model consistently
selected the first label shown in the prompt and often generated ran-
dom or irrelevant responses.

BERT models were fine-tuned thrice with different seeds, with a
sequence classification head for the first 4 tasks (classification) and a
token classification head for the last 2 (detection). They were trained
for 15 epochs in classification tasks and 25 epochs in detection tasks,
with early stopping, a learning rate of 2e−5 and a batch size of 4 for
INFORMATIVENESS classification and 8 otherwise.

For the generative LLMs, prompts are translations of the English
prompts used in Grundler et al. [15], mostly based on the defini-
tions of the classes in the annotation guidelines.7 We experiment with
zero-shot and 2 variations of few-shot mode. In the static version,
we randomly select the examples from the training set, balancing the
number of examples per class. In the dynamic version, inspired by

6 We used the following implementation of the models: dlicari/Italian-
Legal-BERT, dbmdz/bert-base-italian-cased, Musixmatch/umberto-
commoncrawl-cased-v1, google-bert/bert-base-multilingual-cased,
gemini-2.0-flash-001, meta-llama/Meta-Llama-3.1-8B-Instruct

7 Prompts are available in our repository.

the findings of Liu et al. [23] and Alfieri et al. [1], we dynamically
select the same number of examples as the most similar to the given
query, using a k-Nearest Neighbors algorithm based on the Euclidean
distance between embeddings. In both cases, we select 15 examples
for most tasks, 30 for Kind classification. For both generative mod-
els, the detection tasks were designed as extractions of the significant
portions of text, and the outputs were then converted to BIO/IO labels
for comparison with the other models.

4.3 Transfer Learning Across Languages

Data annotation is notoriously costly, especially if it involves very
specific domain knowledge or low-resource languages. It is therefore
important to develop methods that minimize or eliminate the need
for language-specific annotation. Multilingual NLP offers a potential
solution to this challenge by enabling cross-lingual transfer learning,
which allows models and corpora in one language to be exploited to
perform tasks in other languages.

4.3.1 Transfer from English to Italian

We take inspiration from Galassi et al. [12], who study how to exploit
the knowledge of a machine-learning system for English to build sys-
tems for German, Italian, and Polish. In our work, we Investigate how
to develop a system for the Italian language without training on our
Italian corpus. In particular, we use the English corpus of Grundler
et al. [15] as the training source and evaluate the models on our Ital-
ian test set. We apply the following techniques.

• Training set translation. We machine translate the English training
and validation sets to Italian and train new models for Italian. In
this case, the system could be trained without the time-consuming
activity of annotating a novel corpus.

• Multilingual model. We train a multilingual model in English.
This also avoids both the need to annotate a new corpus and the
need to translate, but still requires fine-tuning a new model.

• Test set translation. We use the ML models already trained in En-
glish as in [15] and, at inference time, we translate the Italian test
set to English. This approach does not need a novel corpus nor the
training of new systems, but requires using machine translation
for each inference.

In addition to the Italian and multilingual BERT models detailed
in Section 4.2, we experiment with the following English models:
DistilRoBERTa [35], LEGAL-BERT [7] and DeBERTa [16].8

The translated versions of the corpora are generated with Opus-
MT [41, 42], an open-source toolkit part of the Helsinki-NLP suite.9

For each classification task, we translate the involved sentences (or
portions of sentences) independently of each other and assign the
original labels to the translations. We do not apply the methodology
to the two detection tasks, as the labels are applied at the word-level
and partially depend on their order, while translation may change the
order of words, add new ones, or omit others.

4.3.2 Transfer from Italian to English

To evaluate the quality and the potential impact of our work, we want
to investigate whether our novel corpus can be considered a valuable

8 We used the following implementation of the models: nlpaueb/legal-bert-
base-uncased, distilbert/ distilroberta-base, microsoft/deberta-v3-base

9 We use the following models: opus-mt-tc-big-it-en, opus-mt-tc-big-en-it



Table 3. Classification results on our Italian test set. For each task, we report the F1-score of the classes and their macro average. The scores are the average
value obtained over three runs. For the macro F1-score we also report the standard deviation.

Method and Model cat Informativeness Type Kind

cat non-cat Avg. σ suff. insuff. Avg. σ open closed Avg. σ Avg. σ

No learning
gemini zero-shot 0.75 0.95 0.85 - 0.56 0.72 0.64 - 0.63 0.70 0.67 - 0.56 -
llama zero-shot 0.61 0.92 0.77 - 0.51 0.77 0.64 - 0.72 0.66 0.69 - 0.44 -

Learning on Italian data
gemini static few-shot 0.72 0.94 0.83 - 0.61 0.79 0.70 - 0.59 0.70 0.65 - 0.54 -
gemini dynamic knn few-shot 0.76 0.95 0.86 - 0.64 0.79 0.72 - 0.76 0.77 0.76 - 0.54 -
llama static few-shot 0.57 0.89 0.73 - 0.56 0.78 0.67 - 0.57 0.69 0.63 - 0.45 -
llama dynamic knn few-shot 0.64 0.91 0.77 - 0.62 0.79 0.71 - 0.71 0.74 0.73 - 0.51 -
ITALIAN-LEGAL-BERT 0.72 0.95 0.83 0.008 0.62 0.86 0.74 0.027 0.79 0.76 0.78 0.005 0.37 0.020
Italian BERT 0.76 0.96 0.86 0.011 0.69 0.88 0.79 0.016 0.82 0.78 0.80 0.014 0.44 0.019
UmBERTo 0.76 0.96 0.86 0.008 0.67 0.89 0.78 0.043 0.79 0.74 0.76 0.013 0.34 0.036
BERT multilingual 0.75 0.96 0.85 0.010 0.68 0.86 0.77 0.009 0.81 0.77 0.79 0.016 0.41 0.021

Multilingual model
BERT multilingual 0.41 0.94 0.68 0.015 0.45 0.85 0.65 0.109 0.75 0.72 0.73 0.011 0.30 0.024

Training set translation
ITALIAN-LEGAL-BERT 0.71 0.95 0.83 0.004 0.68 0.87 0.78 0.030 0.76 0.75 0.76 0.008 0.38 0.007
Italian BERT 0.73 0.96 0.85 0.005 0.68 0.88 0.78 0.056 0.76 0.78 0.77 0.020 0.45 0.026
UmBERTo 0.73 0.96 0.85 0.003 0.72 0.88 0.80 0.022 0.73 0.73 0.73 0.024 0.32 0.049
BERT multilingual 0.75 0.96 0.85 0.017 0.67 0.88 0.78 0.026 0.78 0.76 0.77 0.019 0.43 0.001

Test set translation
LEGAL-BERT 0.74 0.96 0.85 0.016 0.67 0.87 0.77 0.015 0.80 0.78 0.79 0.006 0.45 0.015
DistilRoBERTa 0.73 0.96 0.85 0.008 0.71 0.88 0.80 0.013 0.79 0.75 0.77 0.012 0.45 0.003
DeBERTa 0.74 0.96 0.85 0.017 0.72 0.89 0.80 0.005 0.80 0.78 0.79 0.003 0.43 0.009

Table 4. Classification results on the English test set by Grundler et al. [15].

Method and Model cat Informativeness Type Kind

cat non-cat Avg. σ suff. insuff. Avg. σ open closed Avg. σ Avg. σ

Learning on English data
LEGAL-BERT 0.75 0.96 0.86 0.004 0.77 0.92 0.84 0.029 0.81 0.79 0.80 0.009 0.46 0.017

Training set translation
LEGAL-BERT 0.76 0.96 0.86 0.014 0.69 0.91 0.80 0.025 0.80 0.76 0.78 0.016 0.36 0.017

Test set translation
Italian BERT 0.74 0.96 0.85 0.012 0.76 0.92 0.84 0.022 0.80 0.75 0.77 0.031 0.35 0.013

resource for other languages. We experiment with the same transfer
learning techniques detailed in the previous Section, but in the oppo-
site direction: we use our corpus as a training source and the English
corpus [15] as the test benchmark.

• Training set translation. We train one English model (LEGAL-
BERT) with the Italian corpus translated into English.

• Test set translation. We train an Italian model (Italian BERT) on
our corpus and we translate the English test set to Italian.

As a reference, we also experiment with a LEGAL-BERT model
trained and tested on the English corpus.

5 Experimental Results

For each task, we report the F1 score obtained by each classifier for
each class, as well as their macro-average. For Kind classification, we
report only the macro-averaged F1 score. To account for the inherent
stochasticity of the training process, we fine-tuned all BERT models
three times and report the average result and standard deviation.

Learning and testing on Italian data. Overall, Italian BERT can
be considered the best model for our task. As shown in Table 3,
Italian BERT and UmBERTo yield the best result for CAT classifi-
cation. BERT multilingual, Gemini in zero-shot setting, and Gem-
ini in dynamic few-shot setting obtain similar results. Notably, the

static few-shot prompt performs worse than the zero-shot one for
both LLMs. As for INFORMATIVENESS classification, Italian BERT
is the best model, followed by UmBERTo, with scores close to 0.80.
In contrast, the best generative model, Gemini used in few-shot
mode, reaches only 0.70 and 0.72, respectively with static and dy-
namic prompts. Italian BERT reaches the top-score of 0.80 also for
TYPE classification, followed by BERT multilingual and ITALIAN-
LEGAL-BERT. As for Kind classification, similarly to the findings
of Grundler et al. [15], Gemini is the best model, reaching a F1 score
of 0.56. We hypothesize that this may be caused by the abundance
of classes of the task and the scarcity of instances in the dataset to
represent some of them. For each task and LLM, the dynamic ver-
sion of the few-shot prompt reaches a better score than the static
one, confirming the importance of choosing examples close to the
query. In the detection tasks, detailed in Table 5, Italian BERT and
UmBERTo are always the best models. SPECIFICATIONS are eas-
ily detectable by all fine-tuned models, while performances for the
CATEGORY-SUBCATEGORY task remain lower, especially concern-
ing the identification of CATEGORIES. Finally, IO-mode performs
better than BIO-mode, but with minimal differences for CATEGORY-
SUBCATEGORY. However, it is worthwhile noticing that the former
leads to a more ambiguous result than the latter, since it does not per-
mit to distinguish between adjacent SUBCATEGORies. We hypothe-
size that general-purpose models may perform better than legal ones
since the terms to detect are not domain-specific.



Table 5. Results for the detection tasks, both in BIO and IO formats. We use C to indicate CATEGORY, S for SUBCATEGORY and Sp for SPECIFICATION.

Model Category-Subcategory Specification

B-C I-C B-S I-S O Avg. σ B-Sp I-Sp O Avg. σ

BIO tagging
gemini zero-shot 0.48 0.51 0.71 0.72 0.85 0.65 - 0.64 0.51 0.80 0.65 -
gemini few-shot 0.66 0.60 0.81 0.77 0.88 0.75 - 0.51 0.69 0.82 0.67 -
llama zero-shot 0.23 0.23 0.32 0.47 0.76 0.40 - 0.14 0.32 0.71 0.39 -
llama few-shot 0.56 0.51 0.67 0.62 0.81 0.63 - 0.29 0.33 0.62 0.41 -
ITALIAN-LEGAL-BERT 0.68 0.66 0.79 0.77 0.89 0.76 0.013 0.68 0.88 0.92 0.83 0.004
Italian BERT 0.74 0.68 0.81 0.80 0.90 0.79 0.004 0.74 0.91 0.93 0.86 0.008
UmBERTo 0.67 0.64 0.84 0.80 0.91 0.77 0.009 0.69 0.94 0.96 0.86 0.009
BERT multilingual 0.76 0.64 0.81 0.78 0.88 0.77 0.005 0.69 0.90 0.93 0.84 0.007

IO tagging
gemini zero-shot 0.56 0.76 0.85 0.72 - 0.52 0.80 0.66 -
gemini few-shot 0.63 0.81 0.88 0.77 - 0.70 0.82 0.76 -
llama zero-shot 0.27 0.53 0.76 0.52 - 0.36 0.71 0.54 -
llama few-shot 0.54 0.65 0.81 0.67 - 0.34 0.62 0.48 -
ITALIAN-LEGAL-BERT 0.74 0.81 0.88 0.78 0.005 0.89 0.92 0.90 0.006
Italian BERT 0.70 0.83 0.90 0.81 0.006 0.89 0.92 0.91 0.020
UmBERTo 0.68 0.84 0.90 0.81 0.001 0.92 0.94 0.93 0.006
BERT multilingual 0.68 0.81 0.89 0.79 0.004 0.90 0.92 0.91 0.008

Transfer from English to Italian. Cross-lingual experiments from
English to Italian lead to similar results to those obtained in the pre-
vious setting. Specifically, training in English and translating the test
set at inference time lead to the top score for INFORMATIVENESS

classification with DeBERTa. This result is particularly important
because such a setting is the most convenient one in terms of com-
putational resources. The scores for the other tasks are also high,
with KIND classification reaching the best score among the fine-
tuned models (0.45). Similarly to the findings of Chalkidis et al. [8],
we notice that, while multilingual BERT reaches similar results to
monolingual models in a same-language setting, its performance no-
ticeably degrades when trained and tested in different languages.

Transfer from Italian to English. Table 4 shows the results of our
experiments using our Italian corpus as a training set for English. In
3 tasks out of 4, using our corpus for training yields similar results to
those obtained by LEGAL-BERT trained on the English corpus. The
only exception is KIND classification, for which the model trained
on the original corpus obtains a F1 score of 0.46, 10 points higher
than our methods. Our two approaches yield similar results across all
tasks, and neither of them is consistently better than the other. This
indicates that our corpus can be used to generalize to other languages.

6 Error Analysis
We focus our error analysis on using English data for training and
Italian data for testing. In particular, we analyze the results of De-
BERTa in the test set translation approach, as it offers the best
trade-off between resource efficiency and performance. The model
is trained on the English corpus and tested on Italian documents au-
tomatically translated into English at inference time.

AG: @Legal If I understand correctly, I think the current error
analysis contains errors

• If I understand correctly, the focus of the TikTok error is the mis-
translation. Which is due to the lack of context. So, we should
say (1) mistranslation may lead to misclassification, (2) since for
TYPE and KIND task the context is very limited, mistranslation is
more probable, and consequently errors, (3) present the example.

• For MySugr, I think the translation is correct: "esaminiamo" be-
comes "review". The problem is the mismatch between the orig-
inal Italian lexicon and the original English lexicon. Even if the

general semantic of the words is similar, in this domain that little
difference has a strong impact.

• For MySugr, why does it matter if we are using only one version
of the two (if the labels are correct)?

• So, I feel like we have swapped the analysis: for tiktok is a matter
of mistranslation, not of nuances of language, while for mysugr
is a matter of differences in the original language, not a matter of
translation.

• We need to discuss the Paypal example. I think it is even different
from MySugr, since it is not a matter of domain-specific lexicon,
but of saying different things.

We identified two primary sources of misclassification: (i) diver-
gences in concepts and terminology, and (ii) inaccuracies in the ma-
chine translation of the Italian dataset. These issues are not mutually
exclusive and may appear together.

6.1 Conceptual and Terminological Divergences

Misclassifications frequently arise from linguistic nuances that re-
flect divergent legal or contextual meanings across languages. Con-
sider the following example:

Deduciamo le vostre generalità (quali la fascia d’età e il
genere) nonché gli interessi sulla base delle informazioni di cui
disponiamo riguardo a voi.

[TikTok, 19/11/2023, Original Italian]

We infer your attributes (such as age-range and gender) and
interests based on the information we have about you.

[TikTok, 19/11/2023, Original English]

When performing the TYPE and KIND classification tasks, the Ital-
ian term “genere” was incorrectly translated as “genre” (in the artistic
sense) instead of “gender”. This mistranslation led to the misclassi-
fication of TYPE and KIND as “Closed” and “Settings”, respectively.
However, such translation errors occur only for TYPE and KIND clas-
sification, where translation is performed over the isolated SUBCAT-
EGORY span rather than the full sentence. As a result, the transla-
tion model lacks sufficient contextual information to disambiguate
the term. In contrast, for the INFORMATIVENESS task, translation is

ASUS
Evidenziato

ASUS
Evidenziato

ASUS
Evidenziato

ASUS
Evidenziato

ASUS
Evidenziato

ASUS
Evidenziato

ASUS
Commento testo
questo lo scrivi per la secondo tipo errore cioè mysugr

ASUS
Commento testo
io penso invece che sia un problema di lessico di dominio (specifdicamente quello della data protection) perchè conclusions è corretto, il punto è che inferences lo è di più.

ASUS
Evidenziato



applied at the sentence level, providing the model with broader con-
textual cues that allow correct disambiguation and prevent misclassi-
fication.

6.2 Translation Inaccuracies

In other cases, the translations distorted the legal semantics of the
source text. Consider the following clause:

Esaminiamo anche il tuo indirizzo IP per valutare da quale
paese o regione stai usando i nostri servizi e per fornirti le fun-
zioni e le informazioni rilevanti nel tuo paese.

[My Sugr, 01/01/2022, Original Italian]

We also review your IP address to assess which country or re-
gion you are using our services from and to provide you with
the relevant functions and information in your country.

[My Sugr, Italian Translated into English]

We also process your IP address to assess from which country
or region you are using our services and to provide you with
the features and information which is relevant in your country.

[My Sugr, 01/01/2022, Original English]

The translation of “esaminiamo” as “review” rather than “process”
understates the scope and legal significance of the data handling ac-
tivity. While the English original uses “process” – a term with clear
implications under the GDPR – the translated version may mislead
both users and classifiers into interpreting the IP address handling as
a superficial check, rather than a possible profiling operation.

6.3 OTHER EXAMPLE

AG: NEW EXAMPLE? @Giulia, @Celeste, @Ruta confirm (or
change) and discuss

Inferences drawn to create a profile about you that may reflect
behavior patterns and personal preferences, such as gender, in-
come, browsing and purchasing habits, and creditworthiness.

[PayPal, 1/11/2023, Original English]

PayPal may draw conclusions about your behaviour patterns,
personal preferences, browsing and purchasing habits, and
creditworthiness.

[Paypal, Italian Translated into English]

Clause from Italian Privacy Policy: “PayPal può trarre con-
clusioni in merito ai modelli di comportamento, alle pref-
erenze personali, alle abitudini di navigazione e di acquisto e
all’affidabilità creditizia dell’Utente.

[PayPal, ??/??/????, Original Italian]

7 Limitations
Concerning the creation of the Italian corpus, a limitation is the use
of only one human annotator, trained on the English corpus. Hence,
we do not have a measure of agreement on the Italian corpus. While
we acknowledge that agreement measured on the English corpus is
only a proxy for the agreement on the Italian corpus, we shall stress
that our task requires annotators with very specific expertise, who are
also fluent in both Italian and English, and they are rare.

Concerning our experiments with LLMs, we acknowledge that,
although generative LLMs are capable of producing complex re-
sponses, comparing their performance with that of traditional clas-
sifiers is not straightforward. Their behavior can be influenced by
prompt formulation and inherent probabilistic variability. While on-
going research is working toward establishing standards and best
practices for prompt design [44], minor changes or even repeated
runs of the same prompt may lead to different outputs and variations
in results [13, 26, 28, 34, 38].

Finally, as mentioned in Section 4.3, we did not experiment with
cross-lingual techniques for the detection tasks, due to the impossi-
bility of preserving a faithful ground truth using machine translation.

8 Conclusion

In this paper, we release a novel dataset of 30 Italian privacy policies
annotated for the detection of insufficiently informative clauses. In
particular, we focus on assessing descriptions of the data categories
processed. We experiment with several models to solve the task in
Italian and investigate whether it is possible to leverage existing re-
sources in English to automatically identify such clauses. Our exper-
iments show that BERT-based models yield better results than LLMs
and that English resources can be effectively used to train a system
in Italian with comparable results. The test set translation appears to
be the best technique, despite some translation errors that we discuss
in our error analysis, as it does not require a novel corpus nor the
training of a new system. Similarly, we demonstrate that our Italian
corpus can be effectively used to perform the task in English. These
results, and the broader potential of automated privacy policy anal-
ysis in Italian and other languages, hold the promise of empowering
consumers, supporting enforcement agencies, and assisting compa-
nies seeking to comply with data protection rules.

In the future, we will enrich the dataset with additional labels re-
lated to purposes and legal basis of data processing. We also aim to
evaluate whether our result can be generalized to other languages,
such as underrepresented European languages, for which legal cor-
pora and reliable machine translation tools are often lacking. More-
over, we plan to investigate transfer between languages other than
English to assess if our method is effective for any pair of European
languages. This would also allow us to evaluate whether English as
a lingua franca is necessary in this domain and context. Finally, we
aim to build a full pipeline that includes all our tasks in succession.
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