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Formal communications such as public calls, announcements, or regulations are supposed to exhibit respect
for diversity in terms of gender, race, age, and disability. However, human writers often lack adequate inclusive
writing skills. For instance, they tend to overuse the masculine as a neutral form, mainly because they are
self-trained on biased text examples. To overcome this issue, we propose to leverage Generative Artificial
Intelligence to support inclusive language writing. Focusing on formal Italian communications, we have
designed and developed an AI-assisted tool for non-inclusive text detection and reformulation. Thanks to
the joint work with a team of linguistic experts, we first define a set of linguistic criteria necessary to
model inclusive writing forms in Italian. Based on these criteria, we collect and annotate a dataset of Italian
administrative documents enriched with fine-grained inclusive annotations. Finally, we train deep learning
models on the collected data for non-inclusive language detection and inclusive language reformulation tasks.
We perform quantitative and human-driven evaluations on the trained models. The best detection model
correctly classifies 89% of the sentences, whereas the best reformulation model produces 73% fully correct
reformulations. Both models have been integrated into a writing assistance tool acting as a text proofreader
and self-learning tool for non-expert writers, namely Inclusively. Once a non-inclusive piece of text is
detected, the proposed approach suggests inclusive reformulations. The tool also provides explanations of the
models’ outputs to increase system transparency. Furthermore, it allows expert end-users to provide further
annotations for system fine-tuning. The trained models and the writing assistance tool are publicly available
for research purposes.

CCS Concepts: • Computing methodologies → Natural language generation; Natural language pro-
cessing;
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generation
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1 Introduction
Effective use of language is fundamental for sharing thoughts, declaring laws or regulations, and
communicating news feeds. Inclusivity represents a crucial linguistic feature in achieving effective
communication. The use of inclusive language holds particular relevance in formal communica-
tions, such as public calls, minutes, and administrative messages, to ensure that all individuals
feel acknowledged, respected, and treated equally regardless of gender, race, age, disability, and
belief [49].

As a matter of fact, most people, including administrative office employees, lack the necessary
skills in inclusive writing. The motivations behind this are manifold [6]. Firstly, they underestimate
the negative impact of non-inclusive writing, which might convey biased, exclusive, or offensive
messages. Secondly, organizations often fail to offer sufficient support or training, letting employees
rely on self-learning. Lastly, the prevailing examples of formal communication contain non-inclusive
elements, thereby perpetuating bad writing habits [22].

The goal of this work is to support the activity of inclusive writing by proposing a tool that can
help eliminate stereotypes of gender, ethnicity, disability, and age present in an input document.
Specifically, we focus on inclusive language in Italian formal communications. We choose the formal
communication domain due to its inherent high level of formality, which necessitates primarily
an inclusive writing style. Additionally, the Italian language, like other Romance languages, is
characterized by an extensive presence of gendered language [33].

An example of a gendered expression in Italian is “The students,” which can be written in Italian
either in the masculine form as “Gli studenti” or in the feminine form as “Le studentesse.” However,
the common writing practice is to use the masculine form as a neutral option, which does not
promote inclusivity. A more inclusive reformulation would be to adopt a gender-neutral term such
as “La componente studentesca” (en: “The student body”). Unfortunately, gendered expressions like
the one mentioned above are likely to occur in formal communications.

To support adopting inclusive forms, we envisage the application scenario depicted in the
bottom pipeline of Figure 1. It incorporates a pipeline consisting of two main components: (1) A
classifier, which acts as a non-inclusive text detector and (2) A generative model, which serves as
the text reformulation model. Let us consider a non-linguistics expert responsible for composing
formal documents. To meet inclusive language standards, the initial draft of the document can be
automatically reviewed and revised by an AI-based writing assistant tool, namely Inclusively. The
tool provides end-users with a writing assistance interface that first scans the document to identify
snippets of text lacking inclusivity. Next, it leverages generative modeling to reformulate these
non-inclusive portions in a gender-neutral manner while prioritizing accessibility. This approach
guarantees that the text is easily understood by individuals with disabilities or visual impairments
without resorting to special letters or symbols that might hinder accessibility.

When the suggested reformulation is unsatisfactory, the tool provides an interface that allows
expert users to manually provide additional annotations for further system refinement (i.e., evalua-
tion and annotation interface). Finally, to facilitate both the evaluation of the generated outputs and
the self-training of human writers, the tool provides end-users with explanations of the models’
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Fig. 1. Methodology and application scenario overview. The data-driven methodology to model inclusive
language consists of three steps. (1) Data collection: Linguistic experts defined the linguistic criteria to model
inclusive language, and gathered and annotated a corpus of Italian formal documents to produce a labeled
dataset; (2)Model learning: We trained transformer-based classifiers and sequence-to-sequence models to
detect and rephrase non-inclusive language; and (3) Model evaluation: We perform quantitative and human
validation of the trained models. We employed the best-performing models in the writing assistance tool,
namely Inclusively. The tool presents three interfaces: (i) Writing assistance interface where normal users can
input a formal document, and the tool identifies and reformulates segments of text that lack inclusivity; (ii)
Evaluation and annotation interface where linguistic experts can manually provide additional annotations
and feedback for further system refinement; and (iii) Inspection interface which provides end-users with
explanations of the models’ outputs.

outputs (through the inspection interface). End-users can gain relevant insights into the AI model
reasoning, which is typically not transparent [9].

The proposed solution offers several advantages: (1) It relieves linguistic experts from having to
manually review the raw content, thus making inclusive writing less expensive and more affordable,
even in the public domain; (2) It leverages the increasing power of Generative AI tools such as
GPT-based Language Models [7, 36] to generate inclusive versions of inappropriate expressions;
and (3) It empowers non-expert writers to self-train on the correct writing style and, hopefully,
prevent future inaccuracies in writing.

The primary issue in developing the tool revolves around the lack of annotated data and models
specifically tailored for inclusive language tasks in the Italian context. To address this challenge,
this article presents the data-driven methodology, discusses the empirical findings, and outlines
the evaluation process we conducted to develop the powerful detection and reformulation mod-
els utilized within the tool [24], as depicted in the upper pipeline of Figure 1. In doing so, our
contributions are threefold:

(1) Guidelines Definition. Thanks to joint work with linguistic experts, we first devised a set of
linguistic criteria for the Italian inclusive language. Based on these criteria, we then collect
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and annotate a real corpus of Italian administrative texts for non-inclusive language detection
and reformulation tasks (Section 3).

(2) Human Validation Design. We design two human evaluation tasks to assess the outputs of
the detection and reformulation models (Section 4). To evaluate the detection models, we
design a task where linguistic experts assess if the models use the correct words for the
predictions of the inclusive label by exploiting explainability techniques. To evaluate the
reformulation models, linguistic experts check whether the proposed reformulations solve
all the inclusivity issues, maintain grammatical correctness, and preserve the original text’s
meaning.

(3) Model Learning and Evaluation. We fine-tune two transformer-based text classifiers to detect
non-inclusive sentences and two sequence-to-sequence models to rephrase the non-inclusive
forms into inclusive ones. Then, we perform an extensive evaluation of the quality of their
outcomes using both standard quantitative metrics and the designed human-driven tasks
(Section 5). Quantitatively, the best performing detection model correctly discriminates
between inclusive and non-inclusive sentences in 9 out of 10 cases. Linguistic experts verify
that this model correctly uses only the words determining the inclusiveness or not of the
sentence in 87% of the cases. The best reformulation model achieves high-quality quantitative
performance according to the reference metrics (i.e., Bilingual Evaluation Understudy
(BLEU) [30]: 0.81, Recall-Oriented Understudy for Gisting Evaluation (ROUGE)-2 F1
score [26]: 0.87). According to the experts’ judgment, enriching the collection with template-
based examples significantly enhances the quality of the text reformulations. Overall, the
best reformulation model produces correct reformulations (i.e., inclusive reformulations that
preserve the original meaning and maintain grammatical correctness) in 73% of the cases.

To foster future research and inclusive language writing, we release the tool source code and the
trained models.1

2 Background and Related Work
In this section, we first review the available Natural Language Processing (NLP) resources for
the Italian language (Section 2.1). We then introduce the problem of inclusive language and the
guidelines published by different institutions worldwide, with a particular focus on the Italian
language (Section 2.2). Finally, we review NLP studies on inclusive intra-language understanding
and generation (Section 2.3).

2.1 Italian Language Modeling
Developing deep learning-based approaches to understanding Italian documents is particularly
challenging due to the inherent complexity of the language and the limited number of available
resources (e.g., datasets, vocabularies, knowledge bases, pre-trained models) compared to more
widely spoken languages such as English. The Italian NLP community has recently started to bridge
this gap. For example, in [34, 45], the authors propose pre-trained BERT models [14] for general-
purpose and social media language understanding tasks, respectively. They leverage self-supervised
pre-training objectives to learn high-level representations from large amounts of unlabeled data.
These representations can be fine-tuned to perform various NLP tasks (e.g., text classification).

Lately, Italian sequence-to-sequence models have also been presented. For instance, IT5 [40] is a
pre-trained encoder-decoder model reproducing the original T5 architecture [37]. The model is
pre-trained on a cleaned version of the Italian text contained in C4 corpus [37] using multi-task

1https://github.com/MorenoLaQuatra/inclusively.
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learning. Aiming to learn language-specific representations, IT5 is trained only using Italian-
written documents. The authors show that the model can be fine-tuned for tasks such as text
summarization and question answering. Similarly, BART-IT [23], a pre-trained version of BART
for the Italian language, is trained on the same cleaned corpus of Italian text and has demonstrated
robust performance, particularly in text summarization.

Some attempts to develop and test decoder-only models for the Italian language have also been
made. For instance, GePpeTto [28] is a GPT-2-like model pre-trained from scratch on an Italian
corpus. The model can be used to generate fluent and coherent text.

All these models can be fine-tuned to downstream tasks using labeled data. In our specific case,
the objective is to fine-tune such models for non-inclusive language detection and reformulation.
However, to the best of our knowledge, an Italian dataset labeled for addressing these particular
tasks is not available yet.

2.2 Inclusive Language Guidelines
In recent years, many institutions have emphasized the importance of adopting inclusive language.
For instance, in the U.S., the American Psychological Association has established a set of guidelines
for inclusive writing. These guidelines aim to eliminate discrimination and other barriers con-
tributing to unequal opportunities [3]. The United Nations defined a set of principles for adopting
an inclusive approach to everyday writing practices [29]. In the UK, the government and other
companies delivered some practices for the use of language for gender-neutral writing [20] and
disability [19, 51]. Finally, the European Parliament released a set of guidelines used in their formal
communications [31]. Other countries and institutions have released their (language-dependent)
guidelines and rules. These guidelines raise the importance of using inclusive language, espe-
cially in formal communication. In this article, we focus on inclusive language in Italian formal
communications.

In Italy, numerous public organizations and universities have published their inclusive language
guidelines [10–13, 15–17, 32]. The problem is particularly challenging for the Italian language
because, like other romance languages, it is highly gendered [33]. As we will discuss in Section 3, in
this work, we engage a team of linguistic experts who devised a set of criteria based on their exper-
tise. These criteria are employed throughout the annotation process. In delineating the linguistic
criteria, our objective was to promote inclusivity across gender, age, race, and disability aspects
rather than exclusively focusing on gender. For instance, we avoid inclusive forms which involve
the double feminine masculine form separated by slash (/), e.g., “Colleghi/e” and “Colleghi/Colleghe”
(en: “Male colleagues/female colleagues”) or the use of the schwa (ə), e.g., “Colleghə,” in contrast
with suggested by some guidelines [16]. Such reformulations may pose challenges for automatic
reading tools, rendering them less inclusive for individuals with disabilities.

Despite the presence of numerous guidelines emphasizing the importance of embracing inclusive
writing, there is still inadequate adoption of inclusive language in formal communications. One
possible reason is that adopting these guidelines can be complex and time-consuming, especially for
individuals lacking expertise in linguistics, such as administrative office employees. To foster the use
of inclusive language and simplify the writing task, we propose an AI-based writing assistance tool
to detect non-inclusive language and propose inclusive reformulations in formal communications.

2.3 Inclusive Language Understanding and Generation
According to their primary objectives, related studies can be classified into two categories: (1)
cross-linguistic, which address the inclusivity problem for tasks involving two languages such
as machine translation (e.g., [33, 41–43]) and (2) intra-linguistic, which leverage NLP models to
reformulate non-inclusive text into its inclusive version within the same language. Our work falls
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Table 1. State-of-the-Art Literature on Inclusive Language Processing

Task Supported languages

[1] NLP-based gender rewriting Arabic

[2] Round-trip translation (from gender-neural to gender-biased) and neural text
paraphrasing

German

[18] Rule-based gender rewriting German

[48] Rule-based and neural text paraphrasing (from gendered to gender-neutral) English

[52] Rule-based and neural text paraphrasing (from gendered to gender-neutral) English

[54] Rule-based and neural text paraphrasing (from gendered to gender-neutral) Portuguese

Inclusively (ours) Neural non-inclusive language detection and paraphrasing Italian

into the intra-linguistic category. Therefore, in this section, we focus on the intra-linguistic studies,
as cross-linguistic approaches are not suitable for assisting writers in a single language, where both
the source and output sentences belong to the same language.

Recent surveys have extensively reviewed gender bias and inclusivity challenges across various
NLP tasks [46, 47]. Building on this foundation, most relevant efforts have been devoted to tackling
gender issues, e.g., by adopting either the they neutral form in English [48, 52] or the gender form
desired by end-users [1, 18]. To the best of our knowledge, this article is the first attempt to use
intra-linguistic approaches to Italian documents. Table 1 summarizes the existing literature on
intra-linguistic inclusive language understanding and generation, and the main differences with
existing intra-linguistic works are enumerated below.

—The inherent complexity of the Italian language hinders the use of rule-based approaches that
are commonly applied to English documents, e.g., [18, 52].

—Unlike [2], our approach does not require a corpus of text already written in an inclusive
language, which is usually hard to collect since inclusive language is still not widespread.

—Compared to [48, 52, 54], we not only address gender-related inclusivity issues, but we also
support more complex types of reformulations using techniques such as omission, metonymy,
and epicene words, which are not easily applicable with rule-based reformulations.

The present work is part of the E-MIMIC project [4, 24, 38].2 Some preliminary results of non-
inclusive language detection using template-based generated data have been presented in [4].
Specifically, in [4], we performed preliminary experiments on a binary non-inclusive language
detection task—predicting if a sentence is inclusive or non-inclusive. Due to the lack of annotated
datasets, the analysis was conducted on template-generated sentences instead of real-world admin-
istrative data. In [4], we show the potential of the approach and the effectiveness of using deep
learning-based NLP classifiers in identifying non-inclusive sentences in the Italian language. The
current work extends its preliminary version [4] to a large extent. Specifically: (1) It collects and
annotates a real-world labeled dataset according to inclusive linguistic criteria defined by linguistic
experts instead of relying on template-generated sentences; (2) It addresses and investigates not only
the non-inclusive language detection (classification) but also the reformulation tasks by training
classification and sequence-to-sequence models on the properly collected data; (3) It designs two
human evaluation tasks tailored to non-inclusive language detection and reformulation; and (4) It
reports extensive quantitative and human evaluations of the trained models. The best-performing

2The project Web site is available at https://dbdmg.polito.it/e-mimic/index.php.
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detection and reformulation models based on the empirical evaluation performed in this article are
employed in a writing assistant tool. A demo of the tool can be found in [24].

3 Inclusive Dataset: The Italian Case
We have designed and utilized a novel dataset for inclusive writing in Italian. This dataset comprises
administrative communications sourced from the Italian public administration, spanning across
both national and regional levels. The motivations behind our contribution are enumerated as
follows:

—Why do we focus on the Italian language? Like other Romance languages, such as Spanish
and French, Italian grammar envisages ad hoc rules for many categories of inclusiveness,
especially for gender. Regarding gender, Italian has masculine and feminine declensions of
words (unlike in English). The standard practice so far is to use the masculine form as the
neutral form in official communication. However, this practice conflicts with the prevailing
guidelines for inclusive language writing. Therefore, leveraging AI to support inclusive Italian
writing is particularly appealing [8].

—Why do we consider official communications? Whenever a public or private institution issues a
formal communication, such as a call, an announcement, or a minute, it is intended for the
whole population, including minorities. Therefore, official communications are expected to be
as inclusive as possible to embrace and respect diversity.

—Why do we rely on expert-annotated data? According to the state-of-the-art literature (see
Section 2), there is a lack of annotated data suited to AI-based inclusive language writing,
particularly in the Italian language.

3.1 Annotators Team
We set up a team of 13 linguistic experts in the field of inclusive language to collect and annotate
the Italian dataset. This team devised specific linguistic criteria for promoting inclusivity within the
Italian language. Then, they meticulously collected documents highlighting pertinent inclusivity
issues and formulated comprehensive annotations for these documents. These annotations serve as
essential training data for an AI model.

The team of annotators is heterogeneous, comprising individuals with diverse experiences and
expertise. It consists of predominantly female individuals, all native Italian speakers. The annotators
are all educated. Most of them have obtained their Ph.D. degrees or are currently pursuing them in
linguistics. Fifty seven percent of them have at least 10 years of experience in linguistics, and 50%
have at least 3 years of experience in inclusive language. Additionally, the annotators received an
average of 30 hours of training on inclusive language and the annotation tool.

3.2 Linguistic Criteria
The process of defining linguistic criteria for inclusive communication involved the collaboration
of the subset of linguistic experts with over 10 years of experience in inclusive writing. Initially, the
team held discussions to share insights on inclusive language, which fostered open dialogue about
its various aspects and challenges. After these discussions, the team drafted the linguistic criteria,
incorporating each member’s expertise. This writing phase included multiple revisions, during
which the team evaluated the content for clarity and effectiveness. Further discussions allowed
for addressing concerns and refining the linguistic criteria. Ultimately, the team reached a final
decision, resulting in a well-structured set of criteria based on their expertise in linguistics, the
Italian language, and culture. These criteria adeptly tackle issues related to gender, race, age, and
disability while considering cross-category constraints. For instance, to overcome gender issues,
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Table 2. Linguistic Criteria

Category Description Non-inclusive example Reformulated inclusive example

Epicene Use epicene words, gender-neutral
words that can refer to people of
any gender.

IT: I corsi saranno tenuti dai professori.

EN: The courses will be taught by professors.

IT: I corsi saranno tenuti da docenti a contratto.

EN: Courses will be taught by contract faculty.

Collective Use collective nouns to refer to
groups of people instead of spec-
ifying a gender.

IT: Il professore deve preparare la lezione.

EN: The professor must prepare the lesson.

IT: Il personale insegnante deve preparare la
lezione.

EN: Teaching staff must prepare the lesson.

Metonymy Use reformulations without an ex-
plicit agent obtained by metonymy.

IT: Gli scienziati oggi hanno dimostrato la validità
del modello.

EN: Scientists today proved the validity of the
model.

IT: La scienza oggi ha dimostrato la validità del
modello.

EN: Science today has proven the validity of the
model.

Generic Use generic words like “person,” “in-
dividual,” or “citizen” instead of us-
ing gendered terms.

IT: Tutti gli accompagnatori sono pregati di scen-
dere.

EN: All chaperones are requested to disembark.

IT: Tutte le persone che accompagnano sono pre-
gate di scendere.

EN: All accompanying people are requested to dis-
embark.

Omission Omit non-inclusive segments when
possible without affecting the
meaning of the sentence.

IT: Il professore può preparare la lezione.

EN: The lecturer can prepare the lesson.

IT: È possibile preparare la lezione.

EN: It is possible to prepare the lesson.

Description and qualitative examples pertaining to specific reformulation rules devised by linguistic experts. For each
criterion of inclusiveness, it reports the description, a non-inclusive example, and a corresponding possible inclusive
reformulation produced by exploiting the criteria principle. For the sake of readability, the English translations are reported
in gray.

using symbols like ə, *, or / was considered non-inclusive because it makes the reformulated text
not readable by visually impaired people through automatic reading tools. Table 2 summarizes the
main types of reformulation rules and provides qualitative examples:

—Epicene: Gendered words can be replaced by epicene ones, which are gender-neutral words
that can refer to people of any gender, to increase the inclusivity of the sentence without
changing the meaning. For instance, “professori” (en: “professors”) can be replaced with the
epicene word “docenti” (en: “faculty”).

—Collective: It is preferable to use collective nouns instead of gender-specific nouns. For instance,
instead of using the phrase “il professore” (Italian male declension of “the professor”), writers
could use a collective noun such as “il personale docente” (en: “the teaching staff ”). In such a
way, the sentence becomes inclusive because it no longer refers to a specific gender.

—Metonymy: Metonymy is a figure of speech that entails substituting the name of one thing for
that of another, of which it is an attribute or with which it is associated (e.g., the “crown” is
used to mean “king” or “queen”). Metonymy can increase inclusiveness by replacing explicit
agents in a sentence. For instance, “gli scienziati” (en: “the scientists”), which refers to a specific
agent, can be replaced with “la scienza” (en: “science”).

—Generic: Another possibility is to replace gender-specific terms with similar generic words. For
example, “gli accompagnatori” (en: “the chaperones”), which in Italian is gender-specific, can
be replaced by a generic term such as “le persone che accompagnano” (en: “the accompanying
people”).

ACM Transactions on Intelligent Systems and Technology, Vol. 16, No. 4, Article 79. Publication date: June 2025.
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—Omission: Non-inclusive segments can be omitted if they do not affect the sentence’s meaning.
For example, in the sentence “Il docente può preparare la lezione” (en: “The lecturer can prepare
the lesson”), the non-inclusive segment that refers to an agent “Il docente” can be omitted
without changing the meaning of the sentence. The omission produces “È possibile preparare
la lezione” (en: “It is possible to prepare the lesson”).

3.3 Data Gathering and Annotation
Data Gathering. We collect documents written in Italian that reflect the language’s usage in the
administrative domain. To achieve our goal, we collect Italian documents from various sources,
including the Web sites of public administrations and universities. Domain experts carefully select
these documents to create a comprehensive dataset that captures a wide range of formal communi-
cation contexts. Specifically, we gather materials from public entities such as Città Metropolitana
di Torino, Università di Bologna, Politecnico di Torino, and other reputable Italian institutions.

The collected documents represent various administrative genres and styles, including calls for
bids, internal communications, policies, and regulations. The collected documents are split and
annotated at the sentence level according to linguistic criteria for non-inclusive language detection
and reformulation tasks.

Non-Inclusive Language Detection Annotation. We define the detection task as a multi-class sentence
classification problem with mutually exclusive labels. Notice that the annotation is performed at
the sentence level. However, multiple subjects or entities that can potentially contain inclusivity
issues can be present within each sentence. Therefore, we annotated each sentence with one of the
following labels:

—Neutral . The sentence does not contain any reference to a protected group. Therefore, it is not
relevant to the task of discriminating between inclusive and non-inclusive language. However,
these sentences are still relevant to the annotation process as they represent a sentence type
likely to occur in real documents. Some examples of neutral sentences in formal documents
also include openings and signatures.

— Inclusive. The sentence contains at least one explicit reference to a protected group (thus
is relevant to the task), and all the related expressions are written inclusively. Therefore, if
multiple inclusivity-related entities are present, they must be all written adopting inclusive
expressions to consider the sentence as inclusive.

—Non-Inclusive. The sentence contains at least one reference to a protected group (thus is
relevant to the task), and at least one of the related expressions is written in a non-inclusive
manner. Therefore, if some expressions are written inclusively while others are non-inclusive,
or all expressions are non-inclusive, the sentence is labeled as non-inclusive.

Table 3 reports one example per class and the corresponding English translation. The first
sentence does not reference people or groups, which could harm inclusiveness. For this reason, it
is labeled as neutral. The second sentence contains one potentially harmful expression (written
in boldface). However, it has already been written in an inclusive way. Therefore, it is labeled as
inclusive because all the potentially harmful expressions are written in inclusive language. Finally,
the third sentence contains one potentially harmful expression (written in boldface), which is
written in a non-inclusive manner. Therefore, the sentence is labeled as non-inclusive.

Inclusive Language Reformulation Annotation. The reformulation task is a sequence-to-sequence
problem where input and output sentences belong to the same language. Therefore, annotators
are asked to provide one or more possible inclusive reformulations of the non-inclusive sentences,
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Table 3. Dataset Qualitative Examples

(1) Neutral
IT: Gli eventi comprendono esperimenti e dimostrazioni scientifiche dal vivo.
EN: Events include live science experiments and demonstrations.

(2) Inclusive
IT: La scadenza del bando per la componente studentesca è il 20 dicembre.
EN: The call for applications deadline for the student bodyis 20 December.

(3) Non-inclusive
IT: La scadenza del bando per gli studenti è il 20 dicembre.
EN: The call for applications deadline for the studentsis 20 December.

Examples of neutral, inclusive, and non-inclusive sentences in Italian (IT) and their corre-
sponding translation in English (EN). The inclusive harmful expressions are written in
boldface. Notice that in English, gender issues are not as evident as in the Italian language.

following the defined criteria. The proposed reformulation must inclusively rephrase all non-
inclusive expressions while preserving themeaning andmaintaining the correctness of the sentence.
In this way, pairs of non-inclusive and inclusive formulations of sentences are created. In Table 3,
the third sentence contains the non-inclusive expression “gli studenti” (en: “the students”), which
the expert has reformulated as in the second sentence by removing all gender references as “la
componente studentesca” (en: “the student body”). Hence, this pair of sentences (non-inclusive →
inclusive) constitutes a single example within the reformulation dataset.

Annotation Process in Practice. Once the documents are selected, they are automatically processed
to extract all text snippets. Each snippet is then split into sentences.3 All extracted sentences are
then uploaded to a customized annotation platform based on Label Studio [50]. For each sentence,
the annotator must first select the inclusivity label from the set neutral, inclusive, and non-inclusive.
Subsequently, for each non-inclusive sentence, the annotator proposes one or more inclusive re-
formulations. The annotation platform also allows annotators to suggest non-inclusive versions of
already inclusive sentences to increase the number of reformulation pairs. However, this feature is
currently used minimally as most source documents are written in non-inclusive language.4 The
final classification dataset comprises the distinct set of all neutral sentences, original non-inclusive
sentences, and proposed inclusive reformulations. The reformulation dataset comprises all the pairs
of non-inclusive sentences and inclusive reformulations. Consequently, the two datasets contain
common sentences.

Template-Based Generated Data. The linguist experts also generated pairs of non-inclusive sentences
with inclusive reformulations by exploiting templates. Each template contains a specific placeholder
(e.g., [FILL_ACTOR]) that can be filled with both inclusive and non-inclusive versions. This ap-
proach allows for systematically exploring different reformulations that can mitigate non-inclusive
language while preserving the original meaning. For instance, a sentence such as “[FILL_ACTOR]
parteciperà alla lezione” (en: “[FILL_ACTOR] will attend the lecture”) can be reformulated as “[Chi
frequenta la scuola] parteciperà alla lezione” (en: “[Those who attend the school] will at-
tend the lecture”) in the inclusive version, and “[L’alunno] parteciperà alla lezione” (en: “[The
student] will attend the lecture”) in the non-inclusive one. Template-generated sentences differ

3Utilizing https://spacy.io/models/it#it_core_news_sm.
4The annotation platform also supports additional annotations, such as named entity tags and labels, valuable for future
research purposes [35].
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Table 4. Dataset Characterization

Data split # samples # words # hapax Avg. word length

Detection dataset

Inclusive 4,126 13,259 3,390 36.68
Non-inclusive 4,182 13,278 3,532 35.80
Neutral 2,492 6,396 2,250 13.68
Total 10,725 16,241 1,960 30.96

Reformulation dataset

Inclusive 4,705 8,578 2,939 35.75
Non-inclusive 4,705 8,691 3,036 36.16

For the detection and reformulation datasets are reported the number of
annotated sentences corresponding to each class and the total (# samples),
the total number of distinct words (# words), the number of words for which
there is only one occurrence (# hapax), and the mean number of words in
those sentences (avg. word length).

significantly from those in [4]. They have been generated based on the expertise acquired during
the preliminary experiments. Specifically, in [4], the objective of template-generated sentences was
to produce the main training corpus. Instead, in this article, we exploit templates to generate types
of sentences that are not frequent in the corpus but are important for the model to learn specific
patterns of inclusiveness.

Ethical Considerations. All the collected data are publicly available on the Internet and free from
copyright restrictions. Privacy and security concerns have been carefully considered throughout
the data collection and annotation process by replacing references to proper names of people and
institutions with randomly generated names to ensure privacy.

3.4 Data Characterization
The result of the data collection and annotation encompasses the following:

—227 official documents collected from different sources.
—10,725 distinct sentences labeled as neutral, inclusive, or non-inclusive.
—4,705 distinct pairs of non-inclusive sentence and inclusive text reformulation.
—75 template-based generated pairs of non-inclusive and inclusive sentences.

Table 4 shows the per-class and overall statistics about the collected dataset of Italian administrative
documents. Specifically, it reports the number of samples annotated (# samples), the distinct number
of words (# words), the number of words that only appear once (# hapax), and the mean number of
words per sentence (Avg. word length).

The dataset contains approximately 16k distinct words, thus showing a fair variability in the
collected documents. Neutral sentences are, on average, shorter than inclusive and non-inclusive
ones. The reason is that administrative documents likely include short formulaic phrases such
as headings, dates, formal openings, and signatures, which are inherently neutral. In contrast,
inclusive and non-inclusive sentences retain a higher complexity and nuance in their content. Notice
that neutral sentences are the minority class in the dataset, whereas 38% of the sentences contain
non-inclusive forms.
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4 Human-Validation Design
In this section, we describe the human validation tasks we designed to evaluate the outcomes
of the detection (Section 4.1) and reformulation (Section 4.2) models. Specifically, we explain the
guidelines we provided to ensure consistent and accurate annotation by linguistic experts and the
labels we used to evaluate the quality of the proposed outcomes. Through this process, we aimed
to obtain a comprehensive and accurate evaluation of the quality of the output generated by our
models and identify areas for improvement and future research.

4.1 Human-Validation Task for the Detection Models
Non-inclusive language detection is a text classification problem (as introduced in Section 3). As
we will report later in our analysis, we trained deep learning-based text classification models for
this task (see Section 5.1). Despite the high performance obtained by deep learning models in text
classification tasks, they behave as black-boxes [21, 27]. The opaque nature of such models hides
the reasons behind their predictions. Even if they reach high performance in quantitative metrics
such as accuracy and F1 score, their outcomes can be influenced by wrongly learned word patterns,
model bias, or overfitting certain words. For instance, a sentence can be correctly classified for the
right reason (i.e., using the words that determine that class) or for the wrong reason (i.e., using or
overfitting other words that do not determine the class). Therefore, we designed a human validation
task to ascertain if the classifiers use the correct set of words for their predictions. To do so, we first
leverage state-of-the-art explainable AI techniques for NLP [9] to identify the most important words
used by the models for the classification. Specifically, we apply post-hoc feature-based explainability
techniques to the trained models and measure the importance of each input word in predicting the
label for a given input sentence—we provide local explanations. Then, we ask inclusive language
expert annotators to check whether the most important words used by the model to accomplish the
classification task are the ones that correctly determine the prediction of the class label. Specifically,
we design a survey where, for each sentence with the relative explanation (i.e., the most important
words within each prediction highlighted in the text), the expert linguistic annotators should select
one of the following options:

—Correct (C). The prediction is influenced by only the words determining the inclusiveness
or the non-inclusiveness of the sentence, and all the entities present in the input sentences
influenced the prediction.

—Partially Correct (P). The prediction is influenced by mainly words relevant to the concept
of inclusiveness, but also includes a significant set of words or phrases that are not relevant
for classification in terms of inclusiveness, or the production is influenced by a subset of the
entities.

— Incorrect (I). The prediction is influenced by only wrong words that do not determine the
inclusiveness or non-inclusiveness of the sentence, or all entities present in the sentence not
influenced the prediction.

The evaluation process described above allows us to determine whether the classifier is using the
correct set of words for the prediction (more details in Section 5.1).

4.2 Human-Validation Task for the Reformulation Models
Inclusive language reformulation is a sequence-to-sequence problem (as introduced in Section 3).
Therefore, we trained deep learning text generationmodels for this task (as wewill discuss in Section
5.1). While quantitative metrics such as BLEU [30] and ROUGE [26] can provide valuable insights
into the performance of deep learning models in text generation tasks such as reformulation,
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they are not always sufficient for evaluating the quality of NLP tasks, particularly those involving
complex linguistic phenomena such as inclusivity. To address this limitation, we designed a human
evaluation task in which linguistic expert annotators are asked to assign qualitative labels to each
proposed reformulation:

—Correct (C). The reformulation is correct and can be accepted without any further modification.
The annotators are asked to consider the reformulation correct only if all the non-inclusive
expressions are correctly reformulated, the grammar is correct, and the original meaning is
preserved.

—Partially Correct—Meaning Changed (%−"). The reformulation is not fully correct and requires
human intervention to be accepted because the model partially changed the meaning of the
original sentence while solving all the non-inclusive expressions.

—Partially Correct—Subset (% − (). The reformulation is not fully correct and requires human
intervention to be accepted because the model solved only a subset of the non-inclusive
expressions.

— Incorrect (I). The reformulation is incorrect because it does not solve any of the non-inclusive
expressions.

This approach allowed us to obtain amore nuanced and comprehensive evaluation of the quality of
the proposed reformulations, taking into account the complex linguistic phenomena involved in the
task. Moreover, the two partially correct categories allow us to judge if the proposed reformulations
are fluent and adequately preserve the original meaning of the sentence while addressing the
non-inclusivity issues [44].

5 Model Learning and Evaluation
We train and evaluate deep learning models for non-inclusive language detection (Section 5.1) and
reformulation (Section 5.2) tasks.

5.1 Non-Inclusive Language Detection
Model Learning. For each sentence, the detection model takes the sequence of words as input and
predicts the most probable class label from the set: neutral, inclusive, or non-inclusive as output.
We expected that the classification task would require advanced text understanding capabilities
since the model needs to understand the sentence’s meaning and detect patterns that make it
potentially not inclusive. Therefore, we use two pre-trained transformer-based language models
on the Italian language (BERT-base-multilingual5 and BERT-base-Italian6), which are fine-tuned
using the collected dataset (introduced in Section 3). We also trained three simpler baseline models
based on a combination of Term Frequency–Inverse Document Frequency (TF-IDF) with
a Multi-Layer Perception (MLP), Support Vector Machine (SVM), and Gradient Boosting
(GB) for comparison. The classification dataset is split into training, evaluation, and test sets using
an 80-10-10% ratio, resulting in 8,580-1,072-1,072 samples.

Quantitative Evaluation. To evaluate the performance of the detection models, we use both the
overall accuracy, which measures the percentage of correctly classified sentences, and the intra-class
accuracy, which measures the percentage of correctly classified sentences for each class. This
allows us to evaluate the model’s performance on the different classes, which may not be equally
represented in the dataset.

5Original model available at: https://huggingface.co/bert-base-multilingual-cased.
6Original model available at: https://huggingface.co/dbmdz/bert-base-italian-cased.
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Table 5. Quantitative Evaluation of the Detection Models

Model Accuracy Inclusive Non-inclusive Neutral
P R F1 P R F1 P R F1

TF-IDF + MLP 0.68 0.62 0.63 0.63 0.68 0.70 0.69 0.78 0.74 0.76
TF-IDF + SVM 0.61 0.53 0.53 0.53 0.56 0.63 0.60 0.88 0.70 0.78
TF-IDF + GB 0.74 0.74 0.74 0.74 0.76 0.76 0.76 0.71 0.72 0.72

BERT-multilingual 0.86 0.82 0.85 0.83 0.89 0.90 0.89 0.86 0.80 0.83
BERT-base-Italian 0.89 0.88 0.88 0.88 0.92 0.92 0.92 0.85 0.86 0.85

For each model are reported the overall accuracy, and the precision (P), the recall (R), and F1 score (F1) separately
for each class label. The best-performing approach for each metric and the best model overall are highlighted
in boldface.

Table 5 shows the classification performance in terms of accuracy, precision (P), recall (R), and
F1 score (F1) for all the evaluated models. As expected, transformer-based models (BERT-base-
multilingual and BERT-base-Italian) perform better on all evaluation metrics than the simpler
baseline models. These models are able to distinguish between neutral, inclusive, and non-inclusive
sentences in 86% and 89% of the cases, respectively. This shows that the task requires complex
language understanding capabilities to be properly addressed. Interestingly, the Italian model
performs better than the multi-lingual one. The lower performance of the multi-lingual model is
probably because it is pre-trained on a mix of 100 different languages and may not appropriately
capture the linguistic nuances required for precise classification in Italian. Notably, the Italian
model is highly effective in detecting non-inclusive sentences by achieving a 0.92 F1 score and recall
for the non-inclusive label.

Human Evaluation. For the human evaluation of the detection models, we conducted the designed
human task described in Section 4.1. We evaluated only the two best-performing models (BERT-
Italian and BERT-multilingual) because they achieved much higher performance than the simpler
baseline. We randomly selected 100 correctly classified sentences with high confidence by both
classifiers (with a probability higher than 0.90%) from the test set (50 inclusive and 50 non-inclusive).
The neutral sentences do not contain specific patterns that must be learned by the models and are,
therefore, not interesting to validate with such a human study. We aim to ascertain whether each
sentence has been correctly classified for the correct or wrong reason (i.e., we analyze the most
important/influential words used by the classifier that determine the predicted class label).

To produce the local explanations, we exploited T-EBAnO [55], the text explainer of the EBAnO
framework [55, 56]. Each local explanation identifies the most important words influencing the
model’s prediction given an input sentence. Specifically, the local explanations produced by
T-EBAnO identify the smallest set of words that causes the higher decrease of probability (or
a change in the predicted class) when removed from the original input text. We chose T-EBAnO for
the simplicity of the explanations produced and because it computes the importance of entire words
instead of sub-words, making it more suitable for this evaluation since inclusivity expressions
comprise one or multiple full words. Table 6 shows three examples of local explanations produced
by T-EBAnO and evaluated in the human study. The classifier predicts the first sentence as inclusive;
thereby, the highlighted words are the most important ones to determine the inclusiveness of the
sentence for the model. In this case, the model focused on both inclusive expressions. According to
Section 4.1, the classification and explanation can be considered correct because the prediction is
influenced by only the words determining the inclusiveness of the sentence. Similarly, the second
example shows a sentence correctly predicted as non-inclusive, where the classifier focused on all
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Table 6. Examples of Local-Explanations Produced Using [55]

Sentence Predicted label

IT: La comunicazione è rivolta alla componente studentesca e al personale dipendente dell’università.
Inclusive

EN:The communication is addressed to the student body and the staff of the university.

IT: La comunicazione è rivolta a tutti gli studenti e ai dipendenti dell’università.
Non-inclusive

EN:The communication is addressed to [Male] all students and [Male] university employees .

IT: Sarà più semplice aiutare studenti ed educatori a sviluppare gli strumenti per affrontare in modo aperto,
rispettoso e sicuro per tutti le discussioni sui temi della differenza etnica e culturale.

Non-inclusive
EN: It will be easier to help [Male] students and [Male] educators develop the tools to approach discussions on

issues of ethnic and cultural difference in an open, respectful and safe manner for [Male]all.

The highlighted words represent the ones most influencing the predicted label by the model for each individual sentence.
The first two explanations reveal that the classifier is influenced by all the words related to inclusivity; the third one is
influenced by a subset of words instead.

the non-inclusive expressions. Therefore, this classification and explanation can also be considered
correct. Finally, the third sentence is correctly classified as non-inclusive. However, the model was
influenced by a partial subset of the non-inclusive expressions (“studenti” and “educatori”), but
not by the other non-inclusive expression “tutti,” which is the masculine declension of the English
word “all.” Therefore, this classification and explanation can be considered partially correct.

Seven domain experts served as annotators. Each annotator independently evaluated each
sentence and explanation, selecting one of the labels defined in Section 4.1 (i.e., correct, partially
correct, and incorrect). The final category was determined through majority voting, with the label
receiving the highest number of votes selected as the final label.7 Table 7 shows, for the two
evaluated models, the percentage of explanations labeled as correct (C), partially correct (P ), and
incorrect (I ) for the 50 inclusive and non-inclusive sentences separately, and overall, by considering
all 100 sentences. The annotators considered the explanations provided by the BERT-base-Italian
model as the most accurate in justifying predictions for both inclusive and non-inclusive sentences
separately, as well as overall. This model’s explanations have been identified as correct (C) in 76% of
cases for inclusive sentences and 98% for non-inclusive sentences, resulting in an overall correctness
rate of 87%. In comparison, the fine-tuned BERT-multilingual model was rated as correct in 58% of
explanations for inclusive sentences and 90% for non-inclusive sentences, with an overall correctness
rate of 74%. Although both models generally provide accurate explanations for their predictions,
with the incorrect label never exceeding 2%, the BERT-base-Italian model shows a stronger focus on
relevant content, mainly when predicting the inclusive class. We also measured the inter-annotator
agreements using Fleiss’ Kappa, which measures the level of agreement between two or more
human annotators on a particular task. Overall, the agreement between the seven participants
for both models is 0.45. Following Landis and Koch’s scale [25] to classify the level of agreement,
which ranges from slight to almost perfect agreement, the obtained scores correspond to a fair
agreement between annotators. This level of agreement likely reflects the inherent subjectivity in
determining the exact set of words that contribute to a valid explanation.

We can conclude that, from a human perspective, the BERT-base-Italian model provides the most
accurate explanations for its predictions. These results align with the model’s superior performance
shown in the quantitative evaluation, supporting its selection as the overall best-performing

7In cases of ties, the lower evaluation category was assigned (e.g., if tied between correct and partially correct, the latter was
assigned).
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Table 7. Human Evaluation of the Best-Performing Detection Models

Model Inclusive Non-inclusive Overall
C ↑ P ↓ I ↓ C ↑ P ↓ I ↓ C ↑ P ↓ I ↓

BERT-multilingual 0.58 0.42 0.00 0.90 0.08 0.02 0.74 0.25 0.01
BERT-base-Italian 0.76 0.22 0.02 0.98 0.02 0.00 0.87 0.12 0.01

For both models are reported the percentage of explanations labeled as correct (C), partially
correct (P ), and incorrect (I ) for the inclusive and non-inclusive sentences separately and overall.
In bold, the best-performing values are shown for each metric.

model. Therefore, this classifier is currently integrated as the detection model of Inclusively (see
Section 6.1).

5.2 Inclusive Language Reformulation
Model Learning. For the reformulation task, we fine-tuned the following T5-based pre-trained Italian
models: (i) IT58 [40], and the efficient architecture (ii) IT5-efficient9 [53]. We also fine-tuned two
versions of the models by augmenting the training dataset with the 75 template-generated sentences
defined by the inclusive language experts.The reformulation dataset is split into training, evaluation,
and test sets using an 80-10-10 ratio, corresponding to 3,764-470-471 non-inclusive to inclusive
pairs of reformulated sentences, respectively. For the models augmented with template-generated
data, they were all added to the training set.

Quantitative Evaluation. To quantitatively assess the performance of the reformulation models, we
exploited the BLEU [30] and ROUGE [26] scores. The former measures the similarity of individual
reformulated sentences with a set of reference reformulated sentences. The latter instead measures
the overlap n-grams. Specifically, we measured the precision (P), recall (R), and F1 score (R) of
bigrams’ overlap (ROUGE-2). All quantitative scores take into account neither intelligibility nor
grammatical correctness.

Columns 3–6 in Table 8 show the performance in the evaluated quantitative metrics (BLEU and
ROUGE-2) for the (i) IT5 (×); (ii) IT5-efficient (×); (iii) IT5 with templates (Ø); and (iv) IT5-efficient
with templates (Ø). Overall, we observed that templates slightly improved both models for all
the evaluated metrics. The improved performance of template-augmented models may also be
attributed to the fact that the training set has been expanded by a significant 2% of samples for
those models. However, no clear best model emerges from the quantitative validation. It is worth
noting that while the quantitative metrics used in this study, such as BLEU and ROUGE, are widely
used in machine translation tasks, they may not be ideal for evaluating the quality of models in the
context of inclusivity reformulation. These metrics are primarily designed to evaluate the similarity
between two sets of text and may not fully capture the complex linguistic phenomena involved in
reformulation tasks. As a result, no clear best model emerged from the quantitative validation alone.
This highlights the importance of complementing quantitative metrics with human validation, as
discussed in the previous section, to obtain a more comprehensive and accurate evaluation of the
quality of the output generated by machine learning models in this specific NLP task.

Human Evaluation. For the human evaluation of the reformulation models, we carried out the
designed task described in Section 4.2. Since all reformulation models achieved comparable quanti-
tative performance, we validated all of them through human assessment. We randomly selected 100

8Original model available at: https://huggingface.co/gsarti/it5-base.
9Original model available at: https://huggingface.co/stefan-it/it5-efficient-small-el32.
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Table 8. Quantitative and Human Evaluation of the Reformulation Models

Model Templates BLEU ROUGE-2 Human evaluation
P R F1 C % −" ↓ % − ( ↓ I ↓

IT5-efficient × 81.04 87.35 82.57 86.94 69.00 12.00 5.00 14.00
IT5-efficient Ø 81.1 87.47 82.88 87.05 73.00 13.00 3.00 11.00

IT5 × 80.32 87.42 82.3 87.17 68.00 13.00 7.00 12.00
IT5 Ø 80.79 87.68 82.77 87.47 73.00 13.00 8.00 6.00

For each model, the BLEU, the ROUGE-2, and the human scores are reported. For the ROUGE-2, the precision (P), the
recall (R), and the F1 score (F1) are reported. For the human validation are reported the percentage of reformulations
labeled as correct (C), partially correct—meaning changed (% − "), partially correct—subset (? − B), and incorrect (I ).
In Øare indicated the models trained with the template-based data augmentation. The best-performing approach for
each metric and the best model overall are highlighted in boldface.

non-inclusive sentences from the test set, along with the corresponding reformulations generated by
each model. Six expert annotators specializing in inclusive language were then asked to evaluate and
label the proposed reformulations (accordingly to Section 4.2). Columns under Human Evaluation
in Table 8 show the percentage of reformulations considered correct (C), partially correct—meaning
changed (% −"), partially correct—subset (% − (), and incorrect (I ) for all the reformulation models
evaluated. Both IT5-efficient and IT5 models show similar performance, with templates consistently
enhancing results for each. In both cases, template-based models achieve a correct (C) classification
in 73% of instances, and the rate of partially correct—meaning changed (% − ") reformulations
remains consistent across models. However, a notable difference appears in the distribution of other
errors. The IT5-efficient model has a higher percentage of reformulations labeled as completely
incorrect (I ), whereas the IT5 model places more cases into the partially correct—subset (% − ()
category. This distribution indicates that, even without achieving full correctness, the IT5 model
can at least partially address inclusivity issues, thereby reducing the frequency of fully incorrect
reformulations. Consequently, the IT5 model with templates may be preferable for its ability to
make partial improvements more reliably.

Also, in this case, wemeasured the inter-annotator agreement using Fleiss’s Kappa.The agreement
for these tasks was 0.702, indicating a substantial agreement between human annotators. It is
important to note that while the reformulation task can be inherently subjective, this level of
agreement suggests a strong consensus on the quality of the reformulations. Dividing the partially
correct cases into meaning changed (% − ") and subset (% − () categories may have helped to
improve consistency in evaluations.

Overall, we can conclude that all models achieved substantial levels of agreement between
human annotators for the task of suggesting inclusive reformulation. The IT5 model augmented with
templates proved to be the most reliable, achieving comparable or better results. Notably, the IT5
model showed fewer fully incorrect (I ) cases, with more being classified as partially correct—subset
(% − (), indicating more consistent partial corrections. This distribution reflects the IT5 model’s
reliability in generating reformulations that require minimal further intervention. Thus, the IT5
model is integrated as the reformulation model of Inclusively (see Section 6.2).

6 Inclusive Writing Assistance Tool: Inclusively
In this section, we present and summarize the main features of the writing assistance tool, namely
Inclusively [24]. It acts as a text proofreader and a self-learning tool for non-expert writers.The tool
is composed of an NLP pipeline that addresses two main tasks: (1) detecting non-inclusive harmful

ACM Transactions on Intelligent Systems and Technology, Vol. 16, No. 4, Article 79. Publication date: June 2025.



79:18 S. Greco et al.

Fig. 2. Inclusive language modeling pipeline. Sketch of the two-stage inclusive language modeling in the
Inclusively tool for a single sentence. Firstly, the sentence is classified as inclusive, non-inclusive, or neutral
by the detection model. Then, if the sentence is classified as non-inclusive, the reformulation model proposes
a more inclusive reformulation. The procedure is the same for each sentence in a formal input document.

expressions (Section 6.1), and (2) suggesting inclusive reformulations for such expressions (Section
6.2). For the two tasks, Inclusively integrates the best-performing models based on the empirical
evidence summarized in Section 5. Figure 2 exemplifies the presented pipeline: An Italian sentence
is first classified as non-inclusive and then revised to produce an alternative, inclusive version.

6.1 Non-Inclusive Language Detection
The first stage of the Inclusively pipeline aims to highlight the snippets of text in the input
documents that deserve attention due to the presence of inclusivity issues. Specifically, it takes as
input a textual document, splits its content into sentences, and automatically detects non-inclusive
portions of text within each sentence.

Every sentence is labeled as inclusive, non-inclusive, or neutral based on the categorization
described in Section 3. Since each sentence belongs to exactly one category, the classification
problem we address is single-label and multi-class.

The first stage of the pipeline currently integrates the fine-tuned BERT-base-Italian model, which
is shown to be the best-performing based on the empirical results in Section 5.1. This model is
able to distinguish between neutral, inclusive, and non-inclusive for approximately 9 sentences over
10. Notably, this model is particularly effective in the classification of non-inclusive sentences (it
achieves 0.92 F1 score and recall for the non-inclusive label, as shown in Section 5.1). Correctly
detecting non-inclusive sentences is crucial in the first stage of the pipeline.

6.2 Inclusive Language Reformulation
The second stage of the Inclusively pipeline assists end-users in rewriting non-inclusive content.
For all the sentences classified as non-inclusive by the detection model, the reformulation model
should identify all the potentially non-inclusive expressions and rephrase each of them. The key
goal is to mitigate the non-inclusivity issues while preserving the original meaning. Notice that
while the detection task requires text understanding capabilities, the rephrasing task also requires
text generation capabilities to rephrase the original content in a more inclusive way.

The second stage of the pipeline currently integrates the fine-tuned IT5 model augmented with
templates, which is shown to be the best-performing based on the empirical results in Section 5.2.
This model is able to produce entirely correct reformulations that mitigate all the non-inclusivity
issues while preserving the original meaning and the grammatical correctness in 73% of the cases.
These reformulations do not require any further intervention by the writer. Instead, for 22% of the
sentences, this model suggests reformulations that require partial modification by the writer, while
only 6% of the proposed reformulations are wrong or require substantial modification.
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Fig. 3. Examples of Inclusively interface. The writing assistance interface (a) is designed to be used by
standard users as a text proofreader for inclusive language. The evaluation and annotation interface (b)
is intended for linguistic experts to provide feedback and new annotations. The inspection interface (c)
integrates explainability techniques that allow data scientists to inspect the models’ outputs and normal
users to learn based on the models’ explanations.

6.3 Tool’s Interfaces
To make Inclusively accessible and user-friendly, we have developed a Web-based interface [24].
Specifically, the tool provides three different interfaces, each devoted to a particular group of users.

Writing Assistance Interface. The first interface is intended to support standard users such as non-
expert writers to inclusive language writing. It exploits the pipeline composed of the detection and
reformulation models. Users can paste their input text into a text box and click a button to process it.
The interface highlights all non-inclusive sentences and proposes inclusive reformulations for each
of them. Figure 3(a) shows an example of the use of such an interface. The input text introduced
by the user contains a single sentence “L’applicazione fornirà strumenti fondamentali a tutti gli
utilizzatori” (en: “The application will provide basic tools for all users”) predicted as non-inclusive by
the classifier, and is shown crossed out and colored in red. Then, the reformulation model suggests
a more inclusive alternative to the input sentence, colored in green. Note that the example reports a
short piece of text containing a single sentence just for the sake of readability. However, the system
operates at the sentence level and can accommodate any number of sentences.

Evaluation and Annotation Interface. The second interface is designed for expert users, such as
linguists or communication professionals, to provide feedback on the system’s performance. Users
can manually annotate sentences and model outcomes on this interface and provide feedback on the
suggested reformulations. This feedback can then be used to evaluate and collect new data to fine-
tune the system, ensuring its continued accuracy and relevance. Figure 3(b) shows an example of
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the interface for the same input as the previous example. Users can indicate whether each sentence
has been misclassified and propose alternative reformulations of the non-inclusive sentences.

Inspection Interface. The third interface is intended for data scientists. It includes explainability
models [5, 39] that show which part of a sentence contributes most to predicting a specific label.
This interface also highlights which words in the input sentence most contribute to the generated
reformulations, allowing data scientists to understand better the system’s behavior. Figure 3(c)
shows the interface output to explain the detection model for the same input text. Users can identify
the most important words the model uses for the classification. In this case, the words “tutti”
(en: “all”) and “utilizzatori” (en: “users”) most influenced the model in predicting the sentence as
non-inclusive. This interface provides data scientists with valuable insights into the inner workings
of our AI-based tool, allowing them to better understand and improve the system’s behavior.
Additionally, this interface can serve non-expert users for self-training purposes, allowing them to
analyze why a sentence is considered non-inclusive and how a reformulation was generated.

The Inclusively interfaces not only provide end-users with a user-friendly way to access the
power of our AI-based tool for supporting inclusive writing but also serve as a means of promoting
and improving suchmodels. In fact, by providing a platform for expert end-users to provide feedback
and annotations, we can continuously improve and fine-tune our system, ensuring its continued
accuracy and effectiveness. Through this collaborative process, we hope to advance the state of the
art in AI-based tools for promoting inclusivity in written communication.

The tool currently supports the Italian language, with short-term perspectives of extension to
other Romance languages where inclusivity issues are prevailing (e.g., French, Spanish). A demo of
the writing assistance tool is available online.10

7 Discussion and Future Work
In this article, in collaboration with linguistic experts, we established criteria for Italian inclusive
language along with an annotated dataset. We then fine-tuned transformer-based models for
non-inclusive language detection and inclusive language reformulation tasks. The quantitative
and human-driven evaluation demonstrates the effectiveness of the trained models. The best-
performing models have been employed in the two-stage pipeline of the writing assistance tool
(Inclusively). The tool can foster inclusive communication by identifying sentences containing
potentially harmful expressions and suggesting revised sentences using inclusive language. The
proposed models can bring many benefits to inclusive writing in administration and academia and
help increase diversity and inclusivity in our society.

The models developed in these experiments and the tool source code have been made publicly
available11 to foster the research community to use it with the goal of addressing the current
limitations of state-of-the-art NLP models such as decision-making systems, language translators,
and sentiment analyzers.

7.1 Limitations
While inclusive language is becoming an increasingly important aspect of written communication,
and AI-based tools have shown promise in supporting the use of inclusive language, it is essential
to acknowledge their limitations. Our current approach has four main limitations.

Italian Language-Specificity. The collected and annotated data, the trained models, and the developed
application tool are specific to the Italian language. As a result, the language specificity of the

10https://youtu.be/3uiW_ti8wmY.
11https://github.com/MorenoLaQuatra/inclusively.
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dataset and models inherently limits their applicability in multilingual or non-Italian contexts. Con-
sequently, while this article demonstrates the potential of the detection and reformulation models
for promoting inclusivity using expert-annotated data within the Italian language, the applicability
and effectiveness of the approach, when applied to other languages without substantial re-training
and re-annotation efforts. The approach’s reliance on language-specific features underscores the
challenge of generalizing these findings across different linguistic contexts, highlighting the need
for further research and development to adapt similar methodologies to other languages.

Formal Communication-Specificity. Our study focuses on addressing the specific problem of inclusive
language in administration and academic contexts. Therefore, the classification and reformulation
models are trained on administrative documents, which may not be suitable for other contexts,
such as legal and Web communications. Extending the approach to other communication domains
requires not only annotation and training efforts but also the definition of appropriate linguistic
criteria tailored to each specific data domain.

Dataset Size. Despite the effort to collect high-quality expert-annotated data for inclusive language
in Italian, it may not cover all possible expressions encountered in formal communication. We
acknowledge that the size of the dataset is relatively small. This limitation stems from the challenge
of acquiring sufficient examples that accurately represent the diversity and nuance of inclusive
language within formal communication. Consequently, while our dataset provides a valuable
resource for studying inclusive language, it may not encompass the full range of expressions and
variations that could be encountered in broader contexts. This limitation underscores the need
for ongoing data collection and expansion to ensure broader coverage and robustness in future
studies. However, our dataset is not a static resource; it is designed to evolve and improve over
time through the interfaces provided in our inclusive language tool.

Improvable Reformulation Performance. Based on our analysis, the best reformulationmodel produces
almost perfect reformulations (i.e., solving all the inclusivity issues while preserving the original
meaning) in 73% of the cases, and partially correct reformulations in 21% of the cases. This indicates
that while the model demonstrates a strong capability in addressing inclusivity, there is still room
for improvement. The remaining 6% of cases highlight areas where the model either fails to fully
address inclusivity issues or alters the original meaning to some extent. These shortcomings suggest
the need for further refinement in the model’s ability to understand context, semantic nuances,
and the intricate balance required between inclusivity and meaning preservation. Future work will
focus on enhancing the model’s accuracy through the integration of more diverse training data and
the development of advanced algorithms that better capture the subtleties of inclusive language
reformulation. Additionally, user feedback mechanisms within our tool will play a critical role in
iteratively improving the model’s performance.

7.2 Future Work
To address these limitations, future work will focus on developing a multilingual tool that promotes
inclusive communication across various domains. This will require additional training data and
linguistic resources to ensure that the tool can identify and reformulate texts in multiple languages.
One possible direction for future work is to extend the proposed methodology to new domains,
such as legal and Web communications, and to develop models that are tailored to the specific
linguistic features of these contexts. The tool’s applicability will also be extended by including
romance languages, such as French and Spanish, and low-resource languages. Finally, we want
to spread the use of the tool on a large scale to assess its effectiveness. Through its interfaces, the

ACM Transactions on Intelligent Systems and Technology, Vol. 16, No. 4, Article 79. Publication date: June 2025.



79:22 S. Greco et al.

tool can also help us collect more data to improve the performance of the models (evaluation and
annotation interface) and detect wrong behaviors (inspection interface).
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