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Abstract
Aspect-based sentiment analysis (ABSA) aims to identify the sentiment associated 
with specific aspects or entities in a text. In order to facilitate the development and 
evaluation of ABSA systems, it is crucial to have annotated datasets that contain 
information about the aspects, entities, and the sentiments expressed towards them. 
However, the amount of information in existing datasets (for example those used in 
the SemEval shared tasks) is very limited. We innovate on existing corpora by intro-
ducing a multi-layered annotation schema that includes not only entities and aspects, 
but also lexical items and, crucially, functional discourse units (FDUs). These FDUs 
are text segments (typically sentences or clauses) that play a specific role or function 
within the overall text, such as “description”, “evaluation”, or “advice”, a type of 
information which we believe can be of great help in ABSA. Our corpus focuses on 
user reviews of tourist attractions (specifically monuments) in the region of Andalu-
sia (Spain), but the same schema can be used to annotate reviews of other domains 
simply by adapting the aspects layer, which is domain-dependent. The annotation 
schema is described, and the validation process is carried out on a sample of 400 
reviews from this domain. Results show a substantial level of agreement among the 
annotators, indicating that the schema is reliable and consistent. We go on to illus-
trate and discuss some difficult cases where annotation showed discrepancy among 
annotators. The annotation of FDUs in the corpus is a significant advancement for 
aspect-based sentiment analysis.
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Introduction

Opinions are influential in shaping our beliefs and behaviour according to how 
others view the world. When making decisions, we often seek out other peo-
ple’s perspectives and ask for their guidance, relying on their thoughts. There-
fore, we focus on others’ evaluation, a concept that encompasses the expression 
of the speaker’s attitude or stance towards the entities or propositions being dis-
cussed (Thompson & Hunston, 2000, p. 5). Evaluation thus allows us to share our 
own ideas and compare them with those of others, often in the form of linguistic 
expressions, which constitute what is known as evaluative language (Benamara 
et al., 2017).

From a linguistic perspective, evaluation is an important area of study due to 
the various functions it serves, namely: (i) expressing the speaker’s opinions and 
values; (ii) establishing relationships between the speaker and the listener; and 
(iii) organizing the discourse (Thompson & Hunston, 2000). The first function 
involves sharing the speaker’s ideology, implicitly or explicitly. The second uses 
evaluative language to signal degrees of certainty or commitment—subsuming 
hedges, boosters, and other stance markers—without conflating these devices 
with deliberate truth-value manipulation (Hyland, 2005). The third function goes 
beyond the speaker-listener dyad to create textual coherence: by deploying evalu-
ative cues, the author guides readers through the argument, signaling introduc-
tions, transitions, and conclusions (Thompson & Hunston, 2000). While the first 
two functions have been widely discussed in the literature on evaluative language, 
particularly by Appraisal Theory (Martin & White, 2005), the third one has been 
largely ignored in computational treatments of evaluative language due to pro-
cessing difficulties (Benamara et al., 2017). This piece of research seeks to dive 
deeper into the possibilities that this third function of evaluative language has to 
offer. In particular, we focus on how aspect-based sentiment analysis, which we 
define in the next section, can benefit from the availability of annotated corpora 
at the discourse level with a special emphasis on discourse functions. While our 
research has a clear practical application in this field, it also extends and validates 
previous studies that use this discourse analysis framework, such as Biber et al. 
(2007), Vásquez (2011), and Egbert et al. (2021).

Aspect‑Based Sentiment Analysis

Sentiment analysis is inherently concerned with evaluative language, as it is a 
field of study that analyzes “people’s opinions, sentiments, evaluations, apprais-
als, attitudes, and emotions towards entities such as product, services, organiza-
tions, individuals, issues, events, topics, and their attributes” (Liu, 2011, p. 459). 
Its basic tasks are polarity detection and emotion recognition, which is typically 
implemented as a classification task (Cambria et al., 2017), although it may also 
attempt to reach a more fine-grained level of language understanding by trying to 
identify “not only the overall semantic orientation of a text, but also the specific, 
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possibly phrase-level evaluative utterances, as well as the aspects of the entities 
they refer to” (Moreno-Ortiz et al., 2019, p. 2), which is known as aspect-based 
sentiment analysis (ABSA henceforth).

The tools and techniques used in sentiment analysis can employ machine learn-
ing models and algorithms, sentiment dictionaries, or a combination of both. In the 
case of the machine-learning approach, it uses a set of features which are learned 
from annotated corpora or labeled examples. Although machine learning approaches 
have reached high levels of performance in language data analysis, they still perform 
poorly in domains they have not been previously trained on (Aue & Gamon, 2005; 
De Clercq et  al., 2017; Wang & Liu, 2015). The lexicon-based approach, on the 
other hand, uses a dictionary to provide the polarity for each word or phrase found in 
the text, sometimes in combination with some system to account for the immediate 
context, i.e., the so-called valence shifters (Muhammad et al., 2016; Taboada, 2016). 
This one also presents some drawbacks, as it requires rich lexical knowledge to 
achieve good results in different domains (Moreno-Ortiz & Pérez-Hernandez, 2018). 
Moreover, contextual valence shifters present a challenge both at the sentence and 
discourse levels: for instance, in terms of higher-order linguistic levels of analysis, 
phenomena such as metaphors, sarcasm, understatements, or humblebragging can 
determine shifts in polarity. This is especially true of social media, one of the major 
genres that sentiment analysis has been applied to; yet, no practical solutions have 
been offered for this problem yet (Moreno-Ortiz, 2024).

ABSA also poses a challenge for Natural Language Processing (NLP) because, 
as expressed by Moreno-Ortiz et  al. (2019), it requires the existence of annotated 
corpora “on which to train classification algorithms and/or learn the concepts and 
lexical items involved in the evaluative texts” (p. 3), and requires the design of an 
appropriate annotation schema. Nevertheless, the literature on schema generation 
and validation for ABSA is scarce, and available annotated corpora are few and fol-
low a simplistic approach, as exemplified by the SemEval datasets (Pontiki et  al., 
2014, 2015, 2016), which also focus on the hospitality industry (lodging and cater-
ing in their case, tourist attractions in ours). These annotated corpora are limited to 
one layer that identifies the aspect and orientation of the evaluative expressions, as 
well as the entities they refer to. While these resources have been successfully used 
to train machine learning models that produce reasonable results, we think there is 
ample room for improvement, as higher quality and accuracy could be achieved by 
incorporating discourse-level information in the form of functional discourse units 
(FDUs henceforth) and by clearly separating the rest of the annotations in different 
layers.

Corpus Annotation for Discourse Analysis

Corpus annotation at the discourse level has traditionally centered on the study of 
discourse relations. This focus stems from a fundamental assumption in discourse 
analysis: texts are not a random sequence of sentences; rather, the order of those 
sentences matter, as do the relations that those sentences hold to one another (e.g., 
cause and effect, contrast, reason, explanation, illustration). The significance of 
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these relations is the existence of an entire class of grammatical words—connectors, 
primarily conjunctions and adverbs—whose sole function is to signal them.

From a discourse analysis perspective, connectors are often studied within the 
broader category of discourse markers, which encompasses all linguistic elements 
that primarily serve a pragmatic role in structuring a text and managing the flow 
of discourse. While connectors fulfill grammatical functions such as coordination 
(“and,” “but,” “or”) or subordination (“although,” “because”), discourse markers 
typically lack syntactic functions and are often classified as “disjuncts,” meaning 
they are syntactically independent elements. Rather than contributing to sentence 
structure, they signal the speaker’s attitudes, guide the reader’s or listener’s expecta-
tions, and shape discourse interpretation. Discourse markers can be organizational 
(“firstly,” “in essence,” “finally”), conversational (“I mean,” “you know”), or modal 
and hedging markers (“in general,” “perhaps,” “sort of”).

Given their crucial role in text cohesion and, more specifically, coherence, con-
nectors and discourse markers have been widely studied in discourse analysis. 
Coherence, one of the central concerns of the field, is defined by Van Dijk (1977) as 
“(...) a semantic property of discourse, based on the interpretation of each individual 
sentence relative to the interpretation of other sentences” (p. 96).

Discourse connectors and markers are among the most salient elements for iden-
tifying coherence, as they provide the structural framework that organizes and uni-
fies a text thematically. Comprehensive inventories of these elements have been 
developed; for instance, Kalajahi et al. (2017) compiled a list of 632 discourse con-
nectors, categorized into eight broad classes and 17 subcategories. Consequently, 
corpus annotation initiatives in discourse analysis have also predominantly focused 
on discourse connectors.

One of the most relevant annotation projects in this field, the Penn Dis-
course Treebank (PDTB) (Prasad et  al., 2008, 2018), initially adopted a “lexi-
cally grounded” approach, in which discourse relations were identified exclusively 
through explicit discourse connectors (referred to as “connectives” in their frame-
work). However, discourse relations are not always overtly marked; speakers and 
writers frequently rely on the audience’s inferential abilities to establish connections 
between textual elements. For example, in the statement “I thought it was pricey. 
I decided not to buy it.” there is no explicit connective, yet the causal relationship 
between the two sentences—where the decision not to purchase is attributed to the 
high price—is easily inferred through adjacency and general knowledge.

Recognizing this limitation, the third version of the Penn Discourse Treebank 
(PDTB-3) expands its annotation framework to include both implicit discourse rela-
tions, which must be inferred, and “NoRel” cases, where adjacent sentences bear 
no discernible relation. This refinement acknowledges the complexity of coherence, 
moving beyond explicit markers to capture the full range of discourse relationships.

This consideration is particularly relevant for social media texts, which often 
lack coherence and may consist of loosely related or even disconnected state-
ments. Given this characteristic, we opted for a functions-based approach to 
annotation—described in detail below—rather than the more conventional, rela-
tions-based approach commonly used in discourse-level corpus annotation. This 
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decision allows for a more flexible and context-sensitive analysis, better suited to 
the fragmented and dynamic nature of social media discourse.

Discourse relations are also referred to as “rhetorical relations,” a term rooted 
in a specific theoretical approach to discourse analysis: Rhetorical Structure 
Theory (RST). RST, a linguistically motivated framework developed by Mann 
and Thompson (1987, 1988), has significantly contributed to the development of 
discourse-level annotated resources. This theory adopts a descriptive approach 
aimed at identifying textual structure by segmenting discourse into elementary 
discourse units (EDUs). These EDUs are interrelated, reflecting the organization 
and coherence of a text while forming a hierarchical structure.

RST is based on the premise that every segment of a text serves a distinct func-
tion within an overarching hierarchical organization, where higher-order struc-
tures are composed of more fundamental EDUs. Within this framework, two pri-
mary types of units are distinguished: (a) the nucleus, which conveys the core 
meaning of a passage, and (b) satellites, which provide supplementary informa-
tion. This distinction underscores the functional asymmetry between discourse 
units, reinforcing the hierarchical nature of textual organization.

RST has proven valuable in lexicon-based sentiment analysis tasks, as demon-
strated by Voll and Taboada (2007) and Taboada et al. (2008), whose pioneering 
work introduced discourse information into sentiment analysis to determine over-
all document polarity—an essential requirement for lexicon-based approaches. 
More recently, Huber and Carenini (2020) explored discourse-augmented senti-
ment analysis by leveraging discourse tree structures combined with hierarchical 
neural architectures.

The underlying rationale is that incorporating discourse information allows 
sentiment-laden lexical units to be contextualized, enabling their valence to 
be adjusted based on the type of text segment EDU in which they appear. This 
approach highlights the importance of discourse relations in identifying EDUs 
and enhancing the interpretive weight of sentiment-laden expressions. Our meth-
odology is similarly grounded in this principle.

However, RST does not always perform as expected. As reported by Moreno-
Ortiz (2024), RST parsers exhibit low reliability in research for two main reasons: 
(i) they depend on syntactic parsers whose performance is often suboptimal, 
particularly with social media texts—our primary focus—where misspellings, 
unconventional syntax, and inconsistent or absent punctuation are common; and 
(ii) different parsers frequently yield divergent analyses of the same text, with no 
clear indication of which parse is the most accurate. This issue stems from RST’s 
original design for formal text genres, typically written by specialists who adhere 
to established linguistic norms in terms of spelling, punctuation, grammar, and 
textual organization—features that are often lacking in online user-generated con-
tent. Similarly, Ein-Dor et al. (2022) argue that traditional discourse-based senti-
ment models struggle with informal text structures, particularly in user-generated 
content such as social media posts. To address this, they propose an alternative 
approach using sentiment-carrying discourse markers to generate large-scale 
weakly labeled training data, which is then used to fine-tune language models.
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Moreover, RST parsers have demonstrated poor performance in aspect-based sen-
timent analysis (ABSA). Schouten and Frasincar (2016) specifically investigated the 
practical application of RST to ABSA—our primary application task—and found 
that, while their methodology generated high-quality linguistic information, its 
results did not match the effectiveness of machine learning-based approaches.

Given these limitations, it becomes evident that a relations-based discourse anno-
tation framework, with its reliance on hierarchical structures and formal linguistic 
markers, is not optimal for analyzing the fragmented and dynamic nature of social 
media discourse.

Genre Analysis, Moves, and Functional Discourse Units

Our concept of functional discourse units (FDUs) is based on the work of Egbert 
et  al.  (2021), who employed a similar methodology to analyze spoken language 
using the British National Corpus (BNC) Spoken 2014. Their approach involved 
segmenting transcribed conversations into discourse units and classifying them 
according to their communicative purposes. This methodology builds upon move 
analysis, originally introduced by Swales (1981, 1990) for the analysis of research 
articles; moves are functional units within a text, each fulfilling a distinct communi-
cative function. Although moves may vary in length, they typically contain at least 
one proposition. Within the updated framework (Swales, 2004), known as the Cre-
ate a Research Space (CARS) model, Swales proposed a three-move schema for ana-
lyzing research article introductions, which consists of: (i) establishing a territory, 
(ii) establishing a niche, and (iii) occupying the niche.

Over the years, this function-based approach—under various appellations—has 
been applied to a wide range of genres, including legal discourse  (Bhatia, 1983) 
and philanthropic discourse (Upton & Connor, 2001) to movie reviews (Pang, 
2002). Notably, it has also been successfully employed in the analysis of online con-
sumer reviews. For example, Zhang and Vásquez (2014) examined 80 hotel replies 
that were posted in response to online complaints, while Panseeta and Todd (2014) 
analyzed 100 responses to negative reviews on TripAdvisor, written by 20 Thai 
hotel management teams. More recently, Cenni (2024) investigated 300 negative 
hotel reviews posted on TripAdvisor—100 in each of three languages: Spanish, Ital-
ian, and French.

Building on this tradition, this article introduces a novel approach for fine-tun-
ing pre-trained language models using discourse information extracted from anno-
tated corpora. Our primary objective is to develop a robust annotation schema for 
aspect-based sentiment analysis (ABSA) with discourse features, a key goal of our 
DisParSA project. This schema is grounded in the concept of discourse units, as 
formulated by Biber et al. (2007), which we consider a more suitable alternative to 
Rhetorical Structure Theory (RST) for our purposes. While this concept aligns with 
RST’s core assumption that every segment of text serves a communicative function, 
it avoids constraining these functions to the clause level or mandating explicit rela-
tional links between units. Instead, it prioritizes the functional roles that segments 
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play within a text, rather than their interrelationships, offering a more flexible and 
context-sensitive approach to discourse annotation.

Methods and Corpus

The primary objective of this work is to design, implement, and validate an annota-
tion schema for aspect-based sentiment analysis with rich discursive features, and 
which includes four layers of discourse annotation: FDUs, aspects, lexicon, and enti-
ties (described in section Annotation Schema). This work is part of a bigger pro-
ject, entitled DisParSA, which has two main objectives: (i) to provide information 
on how evaluation is linguistically expressed (i.e., how speakers structure the infor-
mation when they state their opinions), and (ii) to use the data to finetune a pre-
trained Transformer model so that it can be used to identify these segments automat-
ically. Designing a valid annotation schema is therefore crucial to the development 
of the project, as is the case with any large-scale corpus annotation effort. In order 
to develop this schema we follow the procedure described by Moreno-Ortiz et  al. 
(2019), whose work closely aligns with our research, as it also focuses on aspect-
based sentiment analysis of user-generated hotel reviews. Thus, the annotation 
schema was developed following a systematic procedure:

1.	 Definition of attributes and values for each annotation layer. Each layer presents 
distinct challenges, with some being more complex and less tested than others.

2.	 Preliminary annotation of a small sample to informally validate the schema. This 
early step helps identify potential issues before conducting a full validation via 
multi-annotator agreement.

3.	 Annotation of a substantial sample (400 reviews) by three independent annotators, 
followed by agreement analysis. Since our annotation tool of choice, Prodigy, 
does not natively support multi-layer annotation, we developed a custom Python 
script to handle this process. Agreement metrics for each annotation layer were 
computed using the Disagree Python package.1

4.	 Exploratory analysis of annotation results, including statistical evaluation and 
visualization. A separate Python script, using the Altair graphics library, was 
developed to compute relevant statistics and generate visual representations of 
the annotated data.

The corpus consists of English-language user reviews of monuments in Anda-
lusia, Spain, sourced from TripAdvisor and Google Reviews. The dataset encom-
passes a wide variety of cultural heritage sites, including statues, churches, view-
points, and historical landmarks. In total, the corpus comprises 7,145 user reviews, 
amounting to approximately 678,000 words. For the annotation process, a random 
sample of 400 reviews was selected, applying a minimum length filter of 30 words 

1  https://​github.​com/o-​P-o/​disag​ree

https://github.com/o-P-o/disagree
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to ensure sufficient textual content for discourse analysis. These reviews were then 
annotated by three human annotators following the schema and workflow detailed in 
the next section. The annotated sample comprises over 38,000 words, with an aver-
age of 90 words per review and a range of 30 to 194 words.

As Cenni (2024), observes, online travel reviews represent the most pervasive 
written genre through which tourists share their travel experiences online (p. 77). 
These spontaneous and publicly accessible user-generated texts not only reflect per-
sonal experiences but also provide valuable guidance and cultural insights for pro-
spective visitors. Consequently, online reviews serve both as expressions of subjec-
tive evaluation and as informational resources, making them a particularly relevant 
genre for aspect-based sentiment analysis with discourse-driven annotation.

Annotation Schema

The proposed annotation schema has, as mentioned above, four annotation layers, 
one for each of the categories considered relevant for aspect-based sentiment analy-
sis. These are aspects (the relevant aspects that are found in the evaluative expres-
sions in user reviews), entities (the types of entities mentioned in reviews, the main 
one being the evaluated entity, i.e., the monument), lexical items (the words and 
phrases that denote evaluation), and discourse functions.

This schema attempts to go a step further than previous ABSA annotation 
attempts in several ways. The lexical layer (sentiment words and expressions) is 
commonly found in the literature (Pontiki et  al., 2014, 2015, 2016), as is the set 
of entities, although we not only annotate the evaluated entities, but other types as 
well (see below); this is necessary because other entities (e.g., opinion holders other 
than the reviewer, other evaluated entities) are commonly mentioned in the texts that 
need to be identified. The most original addition is the discourse functions layers 
(FDUs). As we have seen, user reviews have indeed been analyzed from this per-
spective (Cenni, 2024; Vásquez, 2011; Zhang & Vásquez, 2014) but, to our knowl-
edge, no formal annotation projects have been carried out before.

Aspects

The first step in an ABSA-oriented annotation effort, and probably the hardest, is 
to identify the specific aspects that are evaluated in a given domain. Aspects are 
domain-specific, as different characteristics are liable to be evaluated. For example, 
in the domain of hotels, users will comment on aspects like price, staff, beds, toilet-
ries, or amenities, whereas in a monument, only some of these aspects are equally 
relevant (e.g., price), others may be present but are less common (e.g., staff), and 
others are not present at all.

Although some of these aspects can be guessed, our approach was strictly data 
driven, using the contents of the corpus as the only guide to discover the set of 
relevant aspects. Thus, we used the Sketch Engine (Kilgarriff et  al., 2014) corpus 
query suite to identify the set of aspects relevant to the domain of user reviews of 
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monuments by searching the corpus for prototypically positive and negative verbs, 
deverbal nouns (and looking at their objects), and qualifying adjectives (and looking 
at the nouns they modify). The Word Sketch tool is particularly useful to achieve 
this, as it uses the built-in part-of-speech tagging and syntactic parsing capabilities 
of Sketch Engine for user-provided corpora to summarize results in a very user-
friendly way. Thus, looking up prototypically positive and negative adjectives, such 
as “good” or “terrible” in the Word Sketch returns a very useful snapshot of how 
those words are used in the corpus, including what nouns they modify, which gives 
us very accurate pointers to the information we require, i.e., what types of enti-
ties are being evaluated. Moreover, we performed lookups of verbs such as “like”, 
“enjoy”, or “love” and checked which were the objects of these verbs. We also 
searched for nouns that denote domain-specific entities (e.g., “monument”, “land-
mark”, “church”) and looked at their modifiers. For instance, the aspect size was 
evidently relevant, as many monuments were modified by adjectives such as “big”, 
“small”, or “huge”. On the other hand, terms such as “professional”, “efficient”, or 
“fast” (to name a few) hinted at the need for a staff aspect.

After comparing this process with further manual corpus browsing via concord-
ances—and, above all, insights from our preliminary annotation trial and the anno-
tators’ feedback session (see Section"Schema Validation")—we identified eleven 
aspects that tourists commonly use to evaluate monuments. Table 1 shows this list 
in alphabetical order and a description of each aspect. We discuss the relevance —
determined by frequency— of each aspect in Section"Results".

Entities

Identifying the types of entities that are mentioned in the user reviews is necessary 
in order to know what exactly is being evaluated. This is because not all comments 

Table 1   List of aspects considered by the annotation schema

Label Description

Accessibility Access to the monument.
Artistic value Perceived value of works of art present.
Atmosphere Perceived atmosphere at the site.
Crowds Comments on the number of visitors and waiting times.
Facilities Additional parts of the monument, such as cafés, bathrooms, cloakrooms, etc.
General General comments (e.g., “it wasn’t worth it”).
Info Quality of information panels or other devices about the monument.
Location Geographical situation of the monument.
Maintenance Conservation of the monument.
Price Cost of the ticket to enter the monument.
Safety Perceived personal safety/security at the site and surroundings.
Size Comments on the size of the monument.
Staff Personnel working at the monument.
Views Views from the monument.
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present in reviews are directed at the evaluated entity itself, some of its aspects, or 
even its parts. Instead, users may include comparisons with past experiences, which 
may also be evaluated. They might also mention the target audience and/or opin-
ion holders other than themselves (e.g., friends or family members that have also 
visited a monument). Although this task is easier than identifying the aspects, we 
decided to be systematic. Therefore, the procedure included the creation of a simple 
Python script that used Spacy to identify entities and then manually categorizing 
the extracted list by looking at the contexts in which they appeared. The final list of 
types of entities mentioned by users in monument reviews (and possibly in any other 
type of user review) is shown in Table 2.

Sentiment Lexical Items

Annotation of lexical items with semantic orientation is key both for lexicon-based 
sentiment analysis, where this is the only feature that is employed by the analyzers, 
and in machine learning-based classifiers, where the use of sentiment dictionaries, 
although strictly necessary, has been shown repeatedly in the literature to improve 
results (Gaikwad & Joshi, 2016; Kolchyna et al., 2015).

In an attempt to replicate the analysis of a lexicon-based analyzer, we opted for a 
domain-independent annotation of sentiment-laden lexical units. Specifically, only 
those words and expressions that inherently convey semantic orientation, irrespec-
tive of subject matter, were annotated. In sentiment analysis, domain specificity 
plays a crucial role in determining the polarity of many expressions. This is one 
of the primary reasons why machine-learning approaches have traditionally outper-
formed lexicon-based models, as the former are typically trained on domain-specific 
datasets. For instance, in the hospitality industry, location is among the most fre-
quently mentioned aspects in user reviews. Consequently, expressions such as “cen-
trally located” or “restaurants and shops nearby” are perceived as positive within 
this domain, despite not containing any explicit sentiment words.

Although a number of lexicon-based systems have attempted to incorporate 
domain-specificity—e.g., Shaukat et al. (2020), Muhammad et al. (2016), Moreno-
Ortiz (2017)—most available lexicons and systems do not consider this key feature. 
Our annotation approach, however, considers full sentiment expressions, including 

Table 2   List of entity types

Label Description

Evaluated entity The main entity under evaluation.
Evaluated entity part Particular sections or components of the main entity.
Other evaluated entity An external entity under evaluation, often by comparison 

with the main evaluated entity.
Opinion holder Writer of the review, the person who is telling their opinion.
Other opinion holder A person other than the writer of the review and whose 

opinion is included in the text.
Reader The person who is reading the review.
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valence shifters—words or phrases that invert or modify sentiment polarity. For 
example, expressions like “extremely expensive” or “not worth it” alter the overall 
sentiment conveyed, requiring their explicit identification in annotation. Therefore, 
our sentiment lexicon annotation layer follows this simplified approach. Table 3 lists 
the two labels considered in this layer, which is limited to (domain-independent) 
positive and negative lexical items.

Functional Discourse Units

This annotation layer constitutes the key distinguishing feature of our proposal. It is 
grounded in the theoretical framework outlined in 5.3 above, which posits that text 
segments fulfilling specific communicative functions within a given genre—user 
reviews, in this case—should be explicitly labeled as such. Our annotation guide-
lines adhere to the premise that every section in a text fulfils a particular function, 
and therefore every section of a text should be labeled for FDUs. The length of these 
segments is determined by the functions they perform, with a general tendency for 
FDUs to be realized through simple sentences or clauses within complex sentences.

Determining the precise boundaries of each text segment can be challenging, par-
ticularly in user reviews and social media texts, which often deviate from standard 
writing conventions in terms of spelling, grammar, and punctuation. This variabil-
ity calls for a “relaxed” approach to inter-annotator agreement calculation, as differ-
ent annotators may select slightly different text spans (in terms of character length) 
while still referring to essentially the same discourse unit. A more detailed descrip-
tion of this approach is provided in Section"Schema Validation".

Regarding the methodology used to identify FDUs, we initially adopted the move 
taxonomy proposed by Cenni (2024), formed by three moves: (i) extra background 
information, (ii) evaluations (negative or positive), and (iii) future-oriented recom-
mendations. To enhance clarity and efficiency, we shortened these labels, renaming 
them as context, positive evaluation, negative evaluation, and advice. Nevertheless, 
after examining the corpus we noticed that review authors often provided factual 
information about the monument, and that these text spans did not fall under any of 
the above-mentioned labels. Consequently, we introduced a fifth category: descrip-
tion. Table 4 provides an overview of the final set of FDUs along with an explana-
tion of each of category.

Table 3   List of sentiment lexical 
items types

Label Description

Positive lexical items Words or phrases 
with a positive 
semantic orien-
tation.

Negative lexical items Words or phrases 
with a negative 
semantic orien-
tation.
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Final Annotation Schema

The final annotation schema comprises these four annotation layers: functional dis-
course units (FDU), aspects (ASP), lexicon (LEX), and entities (ENT). Table 5 sum-
marizes the overall schema with the actual labels we use in annotation, which, by 

Table 4   List of FDU types

Label Description

Advice Practical recommendations about the visit (e.g., 
optimal times, saving options)

Context The writer puts their visit into context and may 
provide personal details.

Description Objective, factual information about the monument.
Positive evaluation Positive comments about the monument.
Negative evaluation Negative comments about the monument.

Table 5   Final annotation 
schema

Categories marked in bold typeface were not part of the initial set 
prior to the feedback session with the annotators, which was part of 
the validation process, as described in the following section.

Layer Label

FDU ADVICE
CONTEXT
DESCRIPTION
EVAL_POS
EVAL_NEG

ASP ARTISTIC_VALUE
ACCESSIBILITY
ATMOSPHERE
CROWDS
FACILITIES
GENERAL
INFO
LOCATION
MAINTENANCE
PRICE
SAFETY
SIZE
STAFF
VIEWS

LEX LEX_POS
LEX_NEG

ENT OP_HOLDER
OP_HOLDER_OTHER
EVAL_ENTITY
EVAL_ENTITY_PART​
OTHER_EVAL_ENTITY
READER
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convention, are formed by a combination of three letters that define the layer, fol-
lowed by a colon and a tag that defines the type or class (e.g., “FDU: ADVICE”).

Schema Validation

The annotation schema is governed by a set of rules designed to ensure consistency 
across annotators throughout the annotation process. First, all evaluative FDUs must 
include at least one aspect, with a maximum of two. These aspects must correspond 
to the text spans covered by the evaluative FDUs. In contrast, non-evaluative FDUs 
may include aspects, but their presence is optional (e.g., a description may reference 
a particular aspect, but it is not required to do so). Additionally, contextual modifiers 
must be annotated to capture the full scope of sentiment expressions. For instance, in 
“absolutely beautiful,” the modifier “absolutely” must be included in the annotation.

To enhance reliability and reduce annotation inconsistencies across annotators, 
they were instructed to follow a specific sequence in the mark-up procedure:

1.	 Identification of FDUs within the context.
2.	 Annotation of aspects contained within evaluative FDUs.
3.	 Marking of sentiment-laden lexical items found in the review. This step was 

designed to prevent cognitive biases, such as the assumption that the presence of 
an evaluative word necessarily implies an evaluative function.

4.	 Identification of entities mentioned in the text.

All reviews were annotated by three human annotators using Prodigy (Montani 
et al., 2021), a server-based corpus annotation tool designed for machine learning 
purposes. Since Prodigy does not support multilayer annotation natively, a naming 
protocol was devised where all layers conflate in one and the first three letters of 
each label define the layer (FDU, ASP, LEX, ENT).

To validate the annotation schema, two trials of fifty texts each were scheduled 
prior to tackling the full set of reviews. Annotators were asked to identify and mark 
the text segments and keep a record of the issues that they encountered. After the 
first trial, we calculated both Krippendorff’s alpha (α) (Krippendorff, 2004) and 
Fleiss’s kappa (κ) coefficients (Fleiss, 1981), which are suitable to three anno-
tators or more. Krippendorff’s alpha (α) informs about the reliability of the data 
(i.e., whether the results can be reproduced), and Fleiss’s kappa, being an extension 
Cohen’s Kappa for more than two annotators, provides a score of the validity of the 
data on which the annotators agree (Artstein & Poesio, 2008). Their values range 
from 0 (chance agreement) to 1 (full agreement). As mentioned above, the Python 
Disagree package was used to calculate both metrics.

For two annotations to be considered a match, both the annotated text span and 
the assigned label must be identical. While label matching is straightforward to 
assess, text span matching presents additional challenges, particularly in cases where 
spans partially overlap (i.e., when two annotations cover the same content but differ 
slightly in length). To address this, we computed the overlap ratio, which represents 



	 A. Moreno‑Ortiz, M. García‑Gámez 

the percentage of shared characters or tokens between two annotations. A minimum 
threshold of 70% character overlap was established to determine whether two anno-
tations could be considered a match. The results of these agreement metrics for each 
annotation layer are summarized in Table 6.

Given the agreement policy and the complexity of the annotation task, a relatively 
low inter-annotator agreement (IAA) was anticipated. Substantial agreement was 
achieved for the lexicon layer, whereas the lowest agreement scores were observed 
in the entities layer. This discrepancy can be attributed to misinterpretations regard-
ing what needed to be annotated—some annotators omitted parts of the main entity 
or first-person pronouns referring to the reviewer (opinion holders). To address 
these issues, a feedback session was conducted in which annotators discussed their 
concerns, particularly regarding the annotation of FDUs and aspects. The primary 
source of confusion stemmed from unclear syntactic guidelines—annotators were 
initially instructed to mark “spans” without a predefined syntactic unit (e.g., clauses 
or sentences). To resolve this ambiguity, the annotation instructions were refined, 
explicitly directing annotators to annotate FDUs and aspects at the clause level. 
Additionally, annotators suggested incorporating three additional aspects that were 
not covered in the initial annotation schema: artistic_value (paintings, sculptures, 
and other artistic elements present at the monument), atmosphere (tone or mood at 
the site and its surroundings), and crowds (amount of people visiting the monument 
and waiting times). Figures 1, 2, and 3 show examples of these aspects.

For the entities layer, annotators observed that the original schema only accounted for 
the evaluated entity as a whole, without considering its individual parts. This issue was 
particularly recurrent in reviews of monuments such as churches, where elements like 
altars, chapels, and side aisles were frequently evaluated independently. To address this 
limitation, we introduced the eval_entity_part label. Fig.  4 presents an excerpt from a 

Table 6   Inter-annotator 
agreement metrics for the first 
trial

Layer Krippen-
dorf’s alpha 
(α)

Fleiss’s kappa (κ) Interpretation

FDU 0.598 0.601 Moderate agreement
ASP 0.537 0.538 Moderate agreement
LEX 0.698 0.700 Substantial agreement
ENT 0.521 0.521 Moderate agreement

Fig. 1   Example of the aspect ARTISTIC_VALUE
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review in which gardens are evaluated as an entity. Under the original annotation schema, 
these gardens would have either been annotated as eval_entity—despite not being the pri-
mary entity under evaluation—or omitted entirely.

After achieving consensus and incorporating these modifications to the schema, a sec-
ond trial of 50 annotations was carried out. To validate the updated schema, we recalcu-
lated Krippendorff’s alpha (α) and Fleiss’s kappa (κ) coefficients to assess IAA (Table 7).

The improved results show the importance of feedback sessions during the schema 
design phase. Although the annotation of FDUs and the aspects still presented a relatively 
high degree of disagreement among annotators, this was an expected outcome, as these 
layers are more open to interpretation by nature.

Results

Finally, annotators proceeded with the annotation of a sample of 400 reviews following 
the annotation schema previously described in Section Annotation schema. To determine 
which annotations would be included in the final annotated corpus, a majority vote rule 
was applied: if two annotators agreed on a given annotation while the third deviated, the 

Fig. 2   Example of the aspect ATMOSPHERE

Fig. 3   Example of the aspect 
CROWDS
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consensus annotation from the majority was selected.2 As shown in Table 8, the IAA met-
rics improved marginally compared to the two previous trials.

Fig. 4   Annotation of EVAL_ENTITY_PART​

Table 7   Inter-annotator 
agreement metrics for the 
second trial

Layer Krippen-
dorf’s alpha 
(α)

Fleiss’s kappa (κ) Interpretation

FDU 0.680 0.681 Substantial agreement
ASP 0.671 0.671 Substantial agreement
LEX 0.697 0.698 Substantial agreement
ENT 0.712 0.712 Substantial agreement

Table 8   Inter-annotator 
agreement metrics for the full 
annotated corpus

Layer Krippen-
dorf’s alpha 
(α)

Fleiss’s kappa (κ) Interpretation

FDU 0.698 0.700 Substantial agreement
ASP 0.685 0.685 Substantial agreement
LEX 0.705 0.706 Substantial agreement
ENT 0.700 0.701 Substantial agreement

2  The entire annotated corpus is available at https://​osf.​io/... [The full URL will be provided once the 
article review process has been completed in order to ensure anonymization].

https://osf.io/
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Regarding the annotated FDUs, Fig. 5 presents the distribution statistics.3 As 
shown, positive evaluations were the most prevalent function, accounting for 
49.82% of all annotated text segments. This category was followed by descrip-
tion (20.95%), a function that has not been explicitly recognized in previous 
research but appears to play a significant role. Negative evaluations comprised 
only 10.85% of the sample, while advice accounted for 5.6%.

These findings suggest that users generally emphasize the positive aspects of 
monuments in their reviews while downplaying negative ones. While the preva-
lence of positive comments in user reviews has been widely discussed in the lit-
erature (Panseeta & Todd, 2014; Vásquez, 2011; Zhang & Vásquez, 2014), our 
study offers empirical evidence derived from a systematically annotated, sizable 
dataset. Additionally, these results highlight that objective, descriptive comments 
are more common than previously assumed.

Regarding lexical items, results correlate with the high proportion of positive 
evaluation utterances in the sample, shown in Fig. 6. The correlation is confirmed 
by the heatmap in Fig. 7.

Fig. 5   Distribution of annotated FDUs

Fig. 6   Distribution of annotated lexical items

3  A Python script was created to extract and process annotations from the corpus. This script generates 
lists of annotations for each layer in HTML format and generates the data visualizations that we use in 
this report.
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Regarding the annotation of aspects, Fig. 8 presents the distribution of each cat-
egory within the sample. As shown, general is the most frequently annotated aspect, 
appearing in 37.82% of cases, followed by artistic_value (15.81%). The remaining 
aspects each account for less than 10% of the instances in the corpus. Notably, safety 
was the least annotated aspect, appearing in just 0.27% of cases. While the COVID-
19 pandemic has officially ended and restrictions have been lifted, we still consider 
safety concerns to be relevant in the current context, which is why this aspect was 
included in our annotation schema.

The results for entity annotation are presented in Fig. 9, and are in accordance 
with expectations: eval_entity accounts for most instances (40.98%) whereas eval_
entity_part appear in only 13.25% of the sample. Appeals to readers are relatively 
frequent, comprising 16% of the annotated instances. In contrast, references to other 
evaluated entities are rare, appearing in only 4.29% of the sample, which suggests 
that users seldom engage in comparative evaluations when reviewing monuments.

To finish this section on the quantitative results, Table 9 offers a summary of all 
layers and categories, along with an example extracted from the corpus for each of 
them.

Discussion

Despite the high agreement rate among annotators, certain dissonances emerged in 
specific cases. One notable source of disagreement involved FDUs such as context 
and eval_pos, which were occasionally confounded by annotators. Figure  10 pre-
sents an excerpt from a review describing a visit to Santa María La Mayor Coronada, 

Fig. 7   Correlation heatmap 
between FDUs and sentiment-
laden lexical items
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a church located in Medina Sidonia, Cádiz. Annotator A classified this segment 

Fig. 8   Distribution of aspects

Fig. 9   Distribution of entities
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Table 9   Layers and labels of the annotation schema sorted by frequency

Annotation layer Label Frequency Example

FDU EVAL_POS 49.82% “it was definitely worth it”
DESCRIPTION 20.95% “it was built in 1918”
CONTEXT 12.78% “we had always wanted to visit this monu-

ment”
EVAL_NEG 10.85% “this place was horrible”
ADVICE 5.6% “you should queue early”

ASP GENERAL 37.82% “we loved it”
ARTISTIC VALUE 15.81% “beautiful art”
INFO 8.18% “audio guides are provided for free”
PRICE 7.8% “the site offered poor value for money”
LOCATION 6.78% “it is located in the city centre”
VIEWS 5.97% “the views from the roof were breathtaking”
ACCESSIBILITY 4.09% “it has a ramp for wheelchair users”
CROWDS 3.39% “it was incredibly crowded”
STAFF 2.37% “the guide at the museum was very nice”
ATMOSPHERE 2.15% “this was a truly spiritual place”
SIZE 1.94% “the museum is very small”
MAINTENANCE 1.94% “the walls needed some painting”
FACILITIES 1.51%
SAFETY 0.27% “there were some pickpockets”

LEX LEX_POS 84.43% “beautiful place”
LEX_NEG 15.57% “very ugly space”

ENT EVAL_ENTITY 40.98% “the monument was beautiful”
OP_HOLDER 24.31% “we visited this church”
READER 16% “you must come here”
EVAL_ENTITY_PART​ 13.25% “the altar of the church”
OP_HOLDER_OTHER 4.29% “some people say that this church is not 

worth a visit”
OTHER_EVAL_ENTITY 1.18% “the alhambra was more interesting than this 

monument”

Fig. 10   Annotation of a segment as context or as eval_pos 
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as context, interpreting it as a personal account of the reviewer’s visit. In contrast, 
Annotators B and C labeled the same segment as a positive evaluation, most likely 
due to the presence of the adjective “amazing”, which they interpreted as conveying 
an explicitly positive sentiment.

Aspects such as accessibility and location also posed challenges. Although acces-
sibility was defined as “access to the monument,” some annotators primarily asso-
ciated it with facilities for disabled individuals, leading them to exclude instances 
that did not explicitly reference wheelchair users or similar accessibility concerns. 
Fig. 11 illustrates an example of such disagreement. While Annotators A and C clas-
sified the span as accessibility, Annotator B labeled it as location.

The annotation of text segments related to the price of the monument also pre-
sented challenges for annotators. In many cases, it was unclear whether the reviewer 
was evaluating the ticket price or merely providing factual information for the 
reader. Fig. 12 illustrates an example of such ambiguity. Annotator A classified the 

Fig. 11   Annotation of a segment as accessibility and location 

Fig. 12   Annotation of a segment as eval_pos or description 
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text segment under the aspect price, likely influenced by the presence of the word 
“free”. In contrast, Annotators B and C categorized the same segment as a descrip-
tive FDU.

Although, as shown on Table 8, the layers concerning lexicon and entities pre-
sented less variation among annotators, they were not free from cases of disa-
greement. For the entities layer, a recurring issue involved the annotation of the 
opinion holder, particularly when using the plural “we”. Fig.  13 illustrates an 
example of this challenge. Annotators A and B classified “my Spanish boyfriend” 
as op_holder_other and “we” as op_holder. However, Annotator C omitted the 
annotation of “my Spanish boyfriend”, leading to a discrepancy in entity identifi-
cation. A similar issue is observed in Fig. 14, where Annotators A and B tagged 

Fig. 13   Annotation of a segment as op_holder_other or nothing

Fig. 14   Annotation of a segment as op_holder_other or nothing
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“my 18-year-old daughter” and “her” as op_holder_other, whereas Annotator C 
left them unannotated.

For the lexicon layer, one recurring issue among annotators involved the clas-
sification of text segments containing the expression “a must.” As illustrated in 
Fig. 15, Annotators A and B classified the segment as a FDU of positive evalu-
ation, recognizing “a must” as a positive lexical item, whereas Annotator C did 
not.

Conclusions

The quantitative results obtained from the annotation process represent one of the 
most valuable contributions of this study. Unlike most existing research, which 
often relies on comparatively smaller datasets and focuses primarily on quali-
tative analysis, our study follows a rigorous annotation procedure with a larger 
dataset, allowing for more robust empirical insights.

The final inter-annotator agreement metrics indicate substantial agreement 
among annotators across all four annotation layers, which suggests that the anno-
tation schema was well understood and that annotators consistently applied the 
established criteria, despite the complexity of the schema and the density of the 

Fig. 15   Annotation of a segment 
as lex_pos or nothing
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annotation layers, and underlines the important role that proper guidelines appli-
cations and consensus sessions play in corpus annotation.

The results for the FDU layer indicate that positive evaluation is the most 
prevalent category, suggesting that users tend to highlight the positive aspects of 
a monument and express them openly. Additionally, users appear to favor shar-
ing factual information or personal details about their visit rather than making 
negative statements. This pattern aligns with the findings for the lexicon layer, 
where positive lexical items accounted for 84.43% of the corpus, compared to 
just 15.57% for negative lexical items. These results suggest that when writing 
reviews, users generally emphasize the positive aspects of cultural attractions, 
employing words with positive semantic orientation while generally avoiding 
direct negative statements.

The most relevant aspect evaluated by reviewers, other than the general one, 
is “artistic value” (15.81%), “info” (8.18%), “price” (7.8%), “location” (6.78%), 
and “views” (5.97%), showing that these are the features that visitants tend to pay 
most attention to.

The qualitative analysis reveals several areas where the annotation schema 
can be refined to reduce ambiguity and enhance its overall effectiveness. Labels 
should be free of misinterpretations and ambiguity to ensure consistency among 
annotators. For instance, within the FDU layer, annotators frequently strug-
gled to distinguish between the context and eval_pos tags when positive lexical 
items were included in statements. Similarly, in the aspects layer, the categories 
accessibility and location led to disagreement, as some annotators interpreted 
the former as applying exclusively to people with disabilities. The price aspect 
also proved to be a point of contention, as it was sometimes unclear whether 
the review author was evaluating the entry price or merely stating it as factual 
information.

To ensure the reliability of annotation schemas, it is crucial to establish clearer 
boundaries and precise definitions for labels, thereby minimizing ambiguity and 
reducing instances of annotator disagreement. These insights will be instrumental 
in refining the schema, ultimately contributing to more consistent and accurate 
analyses of user-generated content.

Finally, given the results achieved in this research, its main objective—to 
design, implement, and validate an annotation schema for ABSA with rich discur-
sive features—may be said to have been achieved. While the annotation schema 
may undergo further refinement in future research, the findings provide (1) valu-
able insights into how evaluation is linguistically expressed in consumer reviews 
and (2) a foundation for fine-tuning a pre-trained Transformer model for the auto-
matic identification of these discourse segments.
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