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Abstract
An actual challenge within the sentiment analysis research area is the extraction of polarity values associated with specific
aspects (or opinion targets) contained in user-generated content. This task, called aspect-based sentiment analysis, brings
new challenges like the disambiguation of words’ role within a text and the inference of correct polarity values based on the
domain in which a text occurs. The former requires strategies able to understand how each word is used in a specific context
in order to annotate it as aspect or not. The latter need to be addressed with unsupervised solutions in order to make a system
efficient for real-time tasks and at the same time flexible in order to adopt it in any domain without requiring the training
of sentiment models. Finally, the deployment of such a system into real-world scenarios needs the development of usable
solutions for accessing and analyzing data. This paper presents the ReUS platform: a system integrating an unsupervised
approach, based on open information extraction strategies, for performing real-time aspect-based sentiment analysis together
with facilities supporting decision-makers in the analysis and visualization of collected data. The ReUS platform has been
validated from a quantitative and qualitative perspectives. First, the aspect extraction and polarity inference capabilities
have been evaluated on three datasets used in likewise editions of SemEval. Second, a user group has been invited to
judge the usability of the platform. The developed platform demonstrated to be suitable for being used into real-world
scenarios requiring (i) the capability of processing real-time opinion-based documents streams and (ii) the availability of
usable facilities for analyzing and visualizing collected data. Examples of possible analysis and visualizations include the
presentation of lists ranking aspects by the importance of their polarity values computed within the whole data repository.
This kind of analysis enables, for instance, the discovery of product issues.
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Introduction

The possibility of expressing personal opinions about
products and services attracted people on social media for
discussing about their preferences and for debating about
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many topics. This opportunity opened the era of “trusting”
the Web for finding which are the best restaurants or the best
products that satisfy specific needs. This fact enabled the
creation of communities able to influence people in taking
decisions, but also to collect feedback and issues about
product and services. Hence, in the last years, the effort
dedicated to the extraction of extracting useful information
from user-generated content and for understanding their
actual meaning has significantly grown.

Sentiment analysis is a branch of affective computing
research [1] that aims to classify text—but sometimes also
audio and video [2]— into either positive or negative—
but sometimes also neutral [3]. Most of the literature is on
English language [4, 5] but recently an increasing number of
works are tackling the multilinguality issue [6], especially
in booming online languages such as Chinese [7].

Sentiment analysis techniques can be broadly categorized
into symbolic and sub-symbolic approaches: the former
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include the use of lexicons [8] and ontologies [9] to
encode the polarity associated with words and multiword
expressions; the latter consist of supervised [10], semi-
supervised [11], and unsupervised [12] machine learning
techniques that perform sentiment classification based on
word co-occurrence frequencies. Among these, the most
popular recently are algorithms based on deep neural
networks [13] and generative adversarial networks [14].

While most works approach it as a simple categorization
problem, sentiment analysis is actually a suitcase research
problem [15] that requires tackling many NLP tasks, includ-
ing word polarity disambiguation [16], subjectivity detec-
tion [17], personality recognition [18], microtext normaliza-
tion [19], concept extraction [20], time tagging [21], and
aspect extraction [22].

Sentiment analysis has raised growing interest both
within the scientific community, leading to many exciting
open challenges, as well as in the business world, due to the
remarkable benefits to be had from financial [23] and polit-
ical [24] forecasting, e-health [25] and e-tourism [26], user
profiling [27] and community detection [28], manufacturing
and supply chain applications [29], human communication
comprehension [30] and dialogue systems [31], etc.

Early applications of sentiment analysis aimed at
computing an overall polarity that was then associated with
a document. The drawback of this strategy is that it was
not possible to distinguish which were the subjects of each
opinion and how users judged them. For this reason, the
research community focused on the extraction of subjects,
called aspects, from user-generated content. This task would
make systems capable inferring the polarity of each aspect
in an independent way [32–34].

As example, we can consider the following sentence:

I went into new fast-food in the city center yesterday.
Even if the space is cute, the food is of a very poor
quality.

The proposed example contains three aspects, fast-food,
space, and food, each of them associated with their
opinions:

– “space” → “cute”
– “food” → “very poor”
– “fast-food” → NULL. Here, no opinions are directly

associated with the aspect. Thus, its polarity is
implicitly inferred by aggregating the polarities of the
other opinion words detected in the sentence.

The structure shown above is obtained through the execution
of two tasks: (i) the extraction of aspects mentioned in each
sentence and (ii) the inference of polarity values associated
with them. The second task can be coped by means
of sentiment lexicons (Linguistic Resources and Tools),
but the first one need to be addressed by exploiting

different strategies. State-of-the-art approaches discussed in
Related Work leverages on the use of supervised learning
solutions for detecting the aspects contained in a text.
Unfortunately, the real-world clashed with the use of
supervised solutions. For building a sentiment model, it
is necessary to annotate a corpus which contains the
description of aspects’ context for all possible domains.
Those datasets are available only for few domains.
Secondly, sentences contained within the same document
can refer to topics about more than one domain; thus, using
one single model is not the best solution.

For all these reasons, it is necessary to provide solutions
able (i) to extract aspects from raw text effectively,
(ii) to infer the associated polarity values with a high
accuracy, and (iii) to allow the visualization of all collected
information into intelligent dashboards able to show real-
time information about products. These tasks have to be
done by analyzing opinion-based data streams; thus, also
efficient solutions are needed in order to develop a system
that is suitable for being delivered into a real-world scenario.

In this paper, we present the ReUS platform, an
open information extraction solution coping the challenges
described above aiming to provide a flexible, effective,
and efficient support to the analysis of opinion-based data
streams. The ReUS platform relies on the three pillars
below:

– the design of an effective approach for detecting aspects
occurring in user-generated content;

– the development of an efficient architecture able to
process a huge number of documents in real-time; and,

– the realization of facilities supporting users in the
analysis and visualization of the collected data.

State-of-the-art solutions are focused on summarizing
opinion-based documents with information about the
overall polarity associated with a given product. ReUS aims
to support customers as well as managers with facilities
allowing a deeper analysis of products like the polarity
associated with a single aspect and how this polarity
evolved through time. For instance, this kind of features
would enable customers to take more thoughtful decisions
about which products can be better for their needs and
managers in observing if changes on specific features
improved the overall quality of a product or not. To the
best of our knowledge, the proposed solution represents the
first architecture supporting this kind of in-depth analysis
and visualization of aggregated data. These activities are
supported by a set of facilities allowing the navigation of the
extracted data that are dynamically populated by the aspect
extraction process.

The paper is structured as follows: Related Work
discusses the state of the art on aspect-based opinion mining
with a focus on approaches working on social media. Then,
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Linguistic Resources and Tools introduces the background
knowledge bases integrated into the proposed platform;
The ReUS Platform describes the overall architecture of
ReUS, while in The Document Analyzer, we discuss the
open information extraction technique integrated into the
platform. Then, Client User Interface presents the web
application enabling the analysis of the collected data. In
Validation of the ReUS Platform, we provide the validation
of the platform from both a quantitative and qualitative
perspective. Finally, Conclusion and Future Work concludes
the paper.

RelatedWork

The ReUS platform falls within the context of adopting
opinion mining techniques applied to social media stream-
ing. Here, we provide an overview of the main approaches
about both topics together with references of existing
real-world system integrating Open Information Extraction
(OIE) strategies for processing natural language text.

OpinionMining and Sentiment Analysis

Opinion mining and sentiment analysis have been widely
investigated [35, 36], especially in the last decade where
proposed techniques started to be integrated into real-world
systems.

From the theoretical perspective, first attempts were
conducted by designing supervised solutions for analyzing
the impact of different types of features extracted from
raw texts. In [37], the authors compared well-known
machine learning approaches (i.e., support vector machine,
maximum entropy, and Naı̈ve Bayes) and observed how
they performed on datasets containing n-grams. An
extension of this investigation has been presented in [38],
were the authors tried to include also part-of-speech (POS)
tags or to consider only certain type of words (e.g.,
adjectives). Results demonstrated how the more knowledge
is included in the model, the more mitigated are the
differences between the effectiveness of the compared
algorithms.

The explosion of user-generated content on the Web was
the humus for applying opinion mining approaches on such
content for marketing purposes. Preliminary applications
aimed to compute the overall polarity of a text. In [39], an
approach for extracting opinions and for computing their
polarity from social networks has been presented. This work
represented a seminal study concerning the application of
opinion mining strategies on social media, while in [40],
the authors investigated about the impact of analyzing
sentiment-based information provided in a multi-modal way

and how to detect and discard noisy information from texts.
Results observed by using approaches inferring the

overall polarity of user-generated contents [41, 42] opened
the challenge of performing a more fine-grained analysis
of the texts [43, 44]. Product reviews usually contain
opinions about many features of the same products for
which users provide different feedback. This kind of
analysis, termed aspect-based sentiment analysis, has
been addressed by applying different strategies. First
approaches implemented clustering techniques exploiting
knowledge bases for detecting similar words referring to
the same aspect [45]. Other solutions validated the use
of probabilistic graphical models [46] or the adoption of
conditional random fields [47] for learning where aspects
occur in sentences. Further, approaches relying on the
use of fuzzy logic [48, 49] for modeling the uncertainty
associated with polarity values or that applies multi-value
aggregation strategies [50] for computing the sentiment
values associated with documents and/or aspects have been
proposed.

A second challenge linked to the fine-grained analysis of
texts is the inference of sentence subjectivity [51]. This task
consists in understanding if the opinions contained in the
analyzed texts represent a personal view of a specific user
or if they are objective considerations about a given entity.
Research in this direction is still in an early stage, but the
first results are promising.

Recently, pure computer science solutions have been
enriched with a social dimension for obtaining a generation
of fine-tunes solutions for the inference of implicit emotions
contained in multi-modal resources. This research area is
called sentic computing [52]. This kind of approach has
been applied to several problems ranging from the parsing
and analysis of textual user-generated content [53] to the
detection of affective statuses within multimedia resources
like images, audio, or video [54].

Finally, in the last years, first real-world systems started
to become available. An example is the system proposed
in [55, 56] called Sentilo that integrated NLP techniques
combined with semantic web technologies for the extraction
of sentiment information from texts. With respect to this
system, ReUS is able to perform both the opinion mining
and sentiment analysis tasks in an unsupervised way being
at the same time flexible in working on different domains
and efficient in processing real-time data streams.

OpinionMining and Sentiment Analysis in Social
Media

We summarized above the main research directions and
approaches dedicated to the opinion mining and sentiment
analysis topic. Here, we want to focus on how these
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techniques have been applied within the social media
field. Social media brought a new way of providing
information due to the use of many slangs and other ways
of communicating between people [40].

Among all the social media, Twitter represented the most
used one thanks to the public availability of many multi-
modal information [39]. The possibility of accessing this
huge amount of data attracted the attention of researchers
and fostered the creation of systems thought ad hoc for
working in a social media environment. An example of these
systems is the SentiStrenght platform [57], the integrated
machine learning strategies optimized for working with
short, slangy, and error-prone texts. Observed results
demonstrated the need of this kind of features for managing
social media texts.

Aspect-based techniques have been adopted also in the
social context where the challenge of working with short
text have been addressed from different perspectives. Here,
the attention has been put on the creation of two main
categories of systems. On the one hand, social media are
a good environment for applying computational advertising
solutions [58] where messages containing links to proper
product pages are automatically generated based on user
profiles and the observed overall sentiments associated
with product aspects. Examples of system working on
Twitter [59] or Foursquare [60] have been developed and
validated.

Repositories of reviews like the Amazon website have
treated as a social media platform and given the amount
of opinion-based documents, the research community
designed a plethora of approaches for the analysis of
products’ reviews. Such approaches include supervised
solution [47, 61–63] based on datasets manually annotated
with the associations between aspects and their opinion
words and rule-based systems [64] where sequential
rules associated with polarity values are integrated into
the algorithm. Finally, other approaches more focused
on the application of pure NLP strategies like the
modeling of discourse topics [65–68], the genetic learning
of dependency relations [69], or on the discovery of
grammatical relationships between aspects and opinion
words [70] have been proposed.

The realization of the ReUS platform has been inspired
by approaches relying on the use of pure NLP strategies
for detecting pairs of the form {Aspect, Opinion}. Our
aim is to realize a fully unsupervised platform and, by
analyzing the state of the art, the adoption of pure NLP
strategies brought to more effective results. With respect to
the approaches presented above, ReUS has been supported
in the discovery of {Aspect, Opinion} relationships and in
the computation of aspects’ polarity by the integration of
different knowledge bases. The result is an effective and
efficient platform deployable in a real-world context.

Open Information Extraction

The field of Open Information Extraction (OpenIE) was
spawned by the idea to address limitations of traditional
Information Extraction, namely the dependence on prede-
fined relations and labeled training datasets (cf.[71]). Initial
work mainly focused on shallow syntactical features such
as POS tags (cf. TextRunner [72], WOEpos [73] or ReVerb
[74]). While such approaches demonstrated efficiency, their
effectiveness was still limited. The necessity of improving
the quality of the extracted grammatical dependencies led
to the realization of more fine-grained system integrating
structured grammatical knowledge (cf. Kraken [75], Ollie
[76], ClausIE [77] or CSD-IE [78]). The systems described
above were designed and tuned for working only on the
English language. Non-English research is limited to widely
used languages such as Spanish [79], Chinese [80], and Ger-
man [81]. [82] used features derived from dependency trees
in their system, DepOE, and showed that they are suitable
for English as well as Romance languages. The improved
multilingual OpenIE system ArgOE [83] leverages on a
the use of a common rule set for extracting sentences in
many languages. In [79], the authors described the ExtrHech
system that relies on semantic constraints for working on
the Spanish language. Results show that the system effec-
tively works for both the Spanish and English languages.
Finally, semi-supervised solutions have been designed for
the realization of OpenIE platform for the Chinese (e.g.,
the SCOERE system [80]) and German (e.g., the PropDE
system citeFalke16) languages.

Linguistic Resources and Tools

The platform presented in this paper leverages on linguistic
resources that are exploited for both the aspect extraction
and polarity inference tasks. In particular, we integrated the
following resources:

– a list of stopwords used for cleaning documents from
useless words;1

– a general purpose linguistic knowledge base
(WordNet);

– three sentiment lexicons (Sentiment Lexicons); and,
– a natural language processing (NLP) library used for

managing document content (The Natural Language
Processing Tool).

We detail below the integrated resources and the role they
play into the platform.

1The list of stopwords we used can be found at http://lextek.com/
manuals/onix/stopwords1.html

http://lextek.com/manuals/onix/stopwords1.html
http://lextek.com/manuals/onix/stopwords1.html


Cogn Comput (2019) 11:469–488 473

WordNet

WordNet2 [84] is a linguistic knowledge base developed
for the English language including more than 142,000
concepts representing nouns, verbs, adverbs, and adjectives.
Concepts are grouped into synsets. Each synset represents a
set of concepts sharing the same cognitive meaning, i.e., the
possibility of interchanging the list of labels associated with
each synset into a sentence without changing its conceptual
meaning. The number of synsets contained in WordNet
is around 118,000. Each synset is linked to other synsets
through one, or more, of the semantic relations that have
been defined. Among them, we can find synonymy (two
synsets are synonyms when the share similar meanings),
hypernymy (a synset A is an hypernym of a synset B, when
A represent a broader concept than B), and hyponymy (a
synset A is an hyponym of a synset B, when A represent
a finer concept than B). Besides semantic relations, each
synset is accompanied by its definition (called gloss) and
by sentences showing its use. In case a gloss has distinct
conceptual meanings, it is associated with different synsets.

At first view, WordNet can be seen as a thesaurus.
However, with respect to it, there some differences that are
worth of highlighting:

– each node represents a specific conceptual meaning. It
means that no overlap of meanings among two words
is possible. This differs from thesauri where words
located at the same level may have similar meanings;

– the semantic relationships between synsets are always
labeled. While in thesaurus, cluster of similar words are
put in relationship without explicitly mention the kind
of relations.

WordNet has been integrated into our platform for two
purposes: (i) working as bridge for linking the sentiment
lexicons described below, and (ii) to support the detection
of compound names in the text.

Sentiment Lexicons

The role of sentiment lexicons is to support the detection
of terms contained in a document for which a polarity
value can be associated. Such terms, called opinion words,
are used for inferring the overall polarity of a sentence.
The literature presents a wide range of sentiment lexicons,
each of them build by following different perspectives.
Among them, we focused on the three resources mostly used
by the affective computing community: SenticNet [85],
the General Inquirer vocabulary3 [86], and the MPQA

2http://wordnet.princeton.edu
3http://wjh.harvard.edu/∼inquirer/spreadsheet guide.htm

dictionary4 [87]. A further peculiarity of these resources
is that they can be easily linked each other thanks to their
relations with WordNet.

SenticNet is semantic affective computing resource pub-
licly available created through the adoption of artificial
intelligence techniques. The main goal of SenticNet is to
support the inference of polarity values of concepts. All
information represented in SenticNet are in a semantic fla-
vor in order to enable the integration of reasoning facilities.
With respect to other sentiment resources available, Sen-
ticNet differs for three aspects. Firstly, polarities are repre-
sented by using continuous values ranging within the inter-
val [−1, 1]. Secondly, SenticNet does not contain polarity
information of concepts associated with WordNet’s synsets
only, but also of entities (called commonsense concepts)
describing scenarios represented by concepts aggregations
like a lot of stress, look for information, or loss of strength.
Thirdly, in SenticNet concepts that are not associated with
polarity information (i.e., neutral concepts) are not reported
in order to avoid issues in case of applying reasoners imple-
menting open world assumption strategies [88]. SenticNet
provides the sentiment representation of 100,000 concepts
ready to use by third-party systems.

The second exploited resource is the General Inquirer
dictionary. This dictionary contains containing around
12,000 words annotated with sentiment information asso-
ciated with different contexts, namely valence category,
semantic dimensions, words of pleasure, and emotional
expressiveness. Briefly, valence categories are the well-
known positive and negative ones. The semantic dimen-
sions are annotations like strong, weak, or active that are
described by the authors are language universals semantic
differentials. The words of pleasure are annotations rep-
resenting a more fine-grained classification of the valence
categories. Examples of words of pleasure are feel, virtue,
and pain. Finally, the emotional expressiveness are annota-
tions used for overestimating or underestimating the other
annotations associated with a word. Words can be annotated
with one or more of the annotations described above. The
reader may refer to the resource website for gathering more
detailed information.

The third resource integrated into our platform is the
MPQA lexicon. Such a lexicon defines the polarity of 8,200
terms annotated with an intensity level. The MPQA includes
the three canonical polarity values positive, neutral, and
negative, while the intensity levels are two annotations,
weak and strong, that, combined with the polarity values,
allow the expression of more fine-grained sentiments
without using continuous representations. The concepts
contained in the lexicon have been used for annotating

4http://mpqa.cs.pitt.edu/corpora/mpqa corpus/

http://wordnet.princeton.edu
http://wjh.harvard.edu/~inquirer/spreadsheet_guide.htm
http://mpqa.cs.pitt.edu/corpora/mpqa_corpus/
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10,000 sentences that are available within the resource and
that can be used from machine learning algorithms in order
to build sentiment models. The reader may refer to [89]
for the details about the schema used for annotating the
sentences with MPQA concepts.

The three resources are partially disjointed and no one is
a subset of another one. Indeed, even if the SenticNet defines
the polarity of 100,000 concepts, it does not contain all the
concepts defined in the General Inquirer and in the MPQA.
Among all the concepts available in the three resources
mentioned above, we integrated into our platform the
definition of the concepts having a polarity value different
than zero (i.e., not neutral) in at least one of the three
resources; then, the aggregation of the polarities extracted
from each resource is performed by averaging the (i) the
polarity extracted from the SenticNet that is a continuous
value ranging in the interval [−1, 1]; (ii) the polarity of the
MPQA that uses a three-values scale [−1, 0, 1] which values
are halved if a concept is annotated with the intensity level
weak; and (iii) the polarity of the General Inquirer that are
eventually transformed like the MPQA ones.

The Natural Language Processing Tool

The ReUS platform leverages on the Stanford Core NLP
Library [90] for processing the streams of documents in
order to transform raw texts into their equivalent structured
representations. Among the ecosystems of tools included
into the Stanford Core NLP library, we integrated into
ReUS the POS Tagger [91] for tagging each word with
the appropriate tag (i.e., noun, verb, etc.); the Co-reference
Annotator [92] that is used for detecting implicit references
of the same entity; the Syntactic Parser [93] that is in charge
of extracting the grammatic tree of a sentence; and the

Dependency Parser [94] that is responsible of extracting
the grammatical relationships occurring between sentences’
words. An example of the Dependency Parser output is
shown in Fig. 4.

The ReUS Platform

The architecture of the ReUS platform is built upon a set of
components enabling the processing and the transformation
of raw documents through the implemented pipeline. The
current version of ReUS is tuned for working on the
document’s stream of the Amazon website where each
document is a product review generated by a user. The
overall architecture of ReUS is shown in Fig. 1. Products’
reviews are extracted from the document stream and sent
to the Data Manager. This component is in charge of
analyzing the raw text and of annotating it with metadata
like the review’s timestamp and the user’s identifier. Data
generated by this component are stored with a semantic
format into the built knowledge store that makes them
available to our Web Service automatically. Such a service
manages query requests and exposes stored reviews in a
structured format.

The pipeline’s process is organized as follows. Reviews
contained into the document stream are collected by the
Data Manager that in turn integrates two modules. The
first module, called Data Analyzer, contains our OpenIE
algorithm that is in charge of transforming the raw
document extracted from the stream into its annotated
representation. Annotations included in this stage are (i)
the words marked as aspects and (ii) the polarity values
associated with each aspect. This module contains several
components. We detail them in The Document Analyzer.

Fig. 1 Architecture of the ReUS
platform
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Fig. 2 Tree-based
representation of a product
review. The root contains the
general product information, the
first level the list of extracted
aspects, and the leaves contain
the associated opinion words
with the computed polarity value

The second module is the Document Enricher. This mod-
ule is in charge of annotating the structured representation of
reviews created by the Data Manager with links to Amazon
entities. In particular, included are the product’s identifier,
its name, the product group, and the original score assigned
by the user.

Once these tasks have been performed, the Data
Manager produces the tree structured shown in Fig. 2 and
stores it within the reviews’ repository.

The root contains overall product information that are
collected by means of the Amazon APIs. The first level
contains one aspect in each node. Here, synonyms are
already resolved; thus, words like monitor and display have
been already clustered under a common term. Finally, for
each aspect, the associated opinion words and polarity value
are extracted.

The last module of the platform is the Web Service.
This module exposes a set of APIs enabling the querying
of the repository by the integrated client by third-party
tools. Through this module, we are able to support the
visualization of the product’s data almost in real-time.
Hence, it is possible to analyze how the reputation of a
product, or a particular aspect of it, evolves through time.

The Document Analyzer

We describe in this section the ecosystem of techniques
integrated into the ReUS platform for processing the raw
text in order to extract candidate aspects. Such an ecosystem
is composed by five NLP modules shown in Parsing
Pipeline package of Fig. 3. Briefly, the five modules provide
the following functionalities:

– Extraction of candidate aspects. Raw text is parsed by
applying the algorithm described in OpenIE Approach
for Aspect Extraction for detecting which are the
candidate aspects contained in the text. Once aspects are
detected, the extractor looks for the candidate opinion
words associated with them.

– Extraction of compound nouns. The extraction of
compound names is a challenge tasks aiming to detect
text chunks representing the same name. Example of
compound names are hard disk, screen resolution, etc.
This step is performed by exploiting the annotation
provided by the POS Tagger and WordNet. Briefly,
if two, or more, words annotated as nouns occur
consecutively, the module looks up in WordNet if the

Fig. 3 The natural language
processing pipeline
implemented within the
proposed platform aiming to
extract aspects and compute
their polarity from the analyzed
textual resources
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Fig. 4 The figure shows an
example of the grammatical
dependencies graph created by
ReUS

concatenation of the words exists or not. In case it is
found, the concatenation of such nouns are considered
as a single word.

– Co-reference resolution. Pronouns are often used as
replacement of aspect’s name. In order to correctly
extract the whole set of opinion words associated with
an aspect, a co-reference algorithm is necessary. In the
current version of ReUS we implemented a preliminary
version of this kind of approach. We planned to improve
the effectiveness of this module in the next version of
ReUS.

– Removal of stopwords. The list of stopwords injected
into ReUS is adopted for cleaning the text by removing
useless words. This way, only words of interest are
preserved in the text in order to ease the polarity
computation step.

– Computation of aspect polarity. The last step is
in charge of inferring which is the polarity value
associated with each extracted aspect. Given a list of
n opinion words linked to the aspect A, the overall
polarity of A is computed as the aggregation of the n

polarity values.

As it is possible to notice, the first three steps of the
pipeline are connected with the integrated NLP library
containing the algorithms for parsing the raw text. While,
the lower layer shows how the adopted linguistic resources
are exploited by the pipeline for the processing of document
content.

OpenIE Approach for Aspect Extraction

The extraction of aspects leverages on an OpenIE strategy
analyzing the morphology of sentences for understanding
which are the elements of interest containing it. In Related
Work we discussed the state of the art of OpenIE strategies
and tools. The algorithm implemented within ReUS extends
the facilities available into the ClausIE system by adding
the management of grammatical rules specifically thought
for coping the aspect extraction challenge.

The proposed strategy receives in input the graph of
grammatical dependencies built by the NLP tool repre-
sented by using the format {Relation Type,Governor,

Dependent}.5 This graph is processed by the OpenIE
algorithm that, in tandem, applies to each graph node
the three rules shown below: Rule #1: when the value
of the Relation Type element is the adjectival modi-
fier (“amod”), the system generates a link between the
Governor and the Dependent . The link persists if the
Governor has been annotated as aspect and the Dependent

is annotated as opinion word, i.e., there is at least one of the
sentiment lexicons containing a polarity value different than
zero associated to the Dependent .

Rule #2: when the value of the Relation Type element
is the nominal subject (“nsubj”), the system generates a
link between the Governor and the Dependent . The link
persists if the Dependent has been annotated as aspect and
the Governor is annotated as opinion word, i.e., there is
at least one of the sentiment lexicons containing a polarity
value different than zero associated to the Governor .

Rule #3: when the value of the Relation Type element
is the direct object (“dobj”), the system generates a link
between the Governor and the Dependent . The link
persists if the Dependent has been annotated as aspect and
the Governor is annotated as opinion word, i.e., there is
at least one of the sentiment lexicons containing a polarity
value different than zero associated to the Governor .

For clarity, we included below a running example
showing how the rules are applied by the OpenIE algorithm.
Figure 4 shows how each node of the dependency graph is
annotated by the NLP library, while in Fig. 5, we show only
the nodes that are preserved by the algorithm and that are
then stored into the knowledge repository. In both figures,
we colored the nodes that were not annotated as aspect with
light red, the node annotated as aspect with red, the nodes
annotated as opinion words, i.e., words having a polarity
value different than zero in at least one of the sentiment
lexicon, in green when they are tagged as verbs and in blue
when they are tagged as adjectives by the POS Tagger.

For completeness, we want to highlight how the
relationships between the nodes I and enjoyed is treated.
The node I is annotated as PP, personal pronoun; thus, the

5Details about triple’s elements including their meaning and possible
values of each element are available within the official documentation
http://nlp.stanford.edu/software/dependencies manual.pdf

http://nlp.stanford.edu/software/dependencies_manual.pdf
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Fig. 5 The figure shows the final set of relationships preserved by
ReUS and stored into the knowledge repository.

relationship is kept active until the end of the algorithm in
case the co-reference annotator would be able to resolve it.
In this specific case, the node is not resolved; hence, the
relationship is then discarded by the OpenIE algorithm.

Hence, the relationships judged as valid by the OpenIE
algorithm and stored into the knowledge repository are the
following:

{cheap} → laptop

{amazing, enjoyed} → screenresolution

Client User Interface

The analysis and visualization of collected data is performed
through a graphical user interface with which the ReUS
platform has been equipped. In the current version of ReUS,
we decided to implement a controlled query facility instead
of an open one. The rationale behind this choice is that
we wanted to support users with intuitive as well as easy
functionalities for analyzing the huge amount of data stored
into the knowledge repository.

The usage of the interface shown in Fig. 6 is split in the
following steps. Users can select from the Category drop-
down list the product group they want to analyze. Then, if
they want, they can insert into the Aspect text-box keywords
representing the aspect they are interested to analyze. The
free-text keyword is matched with the internal dictionary of
aspects that ReUS builds on-the-fly during the population
of the knowledge repository. The back-end service collects
all relevant information and compiled the summary of each
product found within the repository.

For each item found in the repository, ReUS provides the
following information:

– the full description of the product;
– the number of aspects that has been detected in all

reviews related to that specific product;
– the average polarity of the reviews related to that

specific product; and,

Fig. 6 The figure shows the interface developed for allowing users to query the knowledge repository
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Fig. 7 The figure shows the
visualization developed for
showing the detailed
information associated with
each product contained into the
knowledge repository

– the polarity associated with the aspect provided by the
user within the Aspect text-box, if any.

From this visualization, the user can access to a more
detailed report of each product. By clicking on the product
name, ReUS shows the hierarchical visualization presented
in Fig. 7. Here, the user can view all aspects associated with
the selected product and expand them in order to see which
were the opinions that have been expressed. For simplicity,
the polarity value associated with each opinion is provided
through a multi-graded colored background of the boxes
containing opinion-word text.

Further details about each opinion word can be accessed
by clicking on its name. A further table is shown to users
(see Fig. 8) where a summary of sentiment information
contained in each sentiment lexicon is provided. The
usefulness of this view is the possibility of analyzing and
comparing how each opinion word is represented within
each sentiment lexicon.

The ReUS platform has been developed by adopting
state-of-the-art technologies. The AngularJS6 and Boot-
strap7 libraries have been used in synergy for developing
the web interface. The back-end has been developed in Java
and services are exposed through REST Servlets produc-
ing JSON-based data for showing the results of performed
queries. Then, GraphDB8 has been used for managing the
knowledge repository. Finally, the visualization of complex
and aggregated product’s information was managed by the
D3.js9 library.

6http://angularjs.org
7http://getbootstrap.com
8http://graphdb.ontotext.com
9http://d3js.org

Validation of the ReUS Platform

The architecture described in this paper has been validated
on three criteria:

C1. the effectiveness in extracting the correct aspects
from sentences;

C2. the accuracy in inferring the correct polarity associ-
ated with each aspect; and,

C3. the usability of the tool we developed for the experts.

Criterion C1 is important from the expert’s perspective
because it allows the discovery of the most important
aspects within the reviews’ repository and it enables the
analysis performed later on. Criterion C2 allows to observe
if the strengths and weaknesses of each aspect have been
inferred correctly. Finally, criterion C3 permitted to collect
users’ feedback in order to understand if the system has been
perceived usable or not.

The evaluation of aspect extraction and polarity detection
capabilities has been performed on three benchmarks
corresponding to the three editions of SemEval going from
2014 to 2016.10 Hereafter, we refer to those datasets with
the labels SB2014, SB2015, and SB2016 for the benchmarks
related to 2014, 2015, and 2016 editions of SemEval
respectively.

The SB2014 and SB2015 datasets allowed to perform the
validation of C1 and C2 on documents related to the Laptop
and Restaurant domains. While, dataset SB2016 included
the possibility of performing the validation of C3 also on
documents related to the Hotel domain.

10All datasets are available on SemEval websites:
alt.qcri.org/semeval2014/task4/
alt.qcri.org/semeval2015/task12
alt.qcri.org/semeval2016/task5

http://angularjs.org
http://getbootstrap.com
http://graphdb.ontotext.com
http://d3js.org
alt.qcri.org/semeval2014/task4/
alt.qcri.org/semeval2015/task12
alt.qcri.org/semeval2016/task5
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Fig. 8 The figure shows the summary of sentiment information about each opinion word provided to users

The results observed for C1 are reported in Effectiveness
on Aspect Detection. While, the results observer for C2 are
presented in Accuracy on Computing Aspect Polarity. The
precision, recall, and f-measure metrics are reported for the
SB2014 and SB2015 datasets. While, for the SB2016 dataset
we presented only the obtained f-measure because it was the
only metric that were published by the organizers.

Effectiveness on Aspect Detection

Figures 9, 10, 11, 12, and 13 provide the results on the
SB2014, SB2015, and SB2016 datasets by the systems
participated to the SemEval evaluation campaign and by
the ReUS platform. For each system, we report a column
representing precision, recall, and f1-score. When a column
is not present, it means that particular system did not submit
results for that dataset or domain.

We mentioned early that the ReUS platform differs from
the other participant systems because it implements an
unsupervised strategy instead of supervised ones. We can
appreciated how ReUS effectiveness is in-line with the
performance obtained by other systems. Hence, we may
state that the current version of the platform is suitable for
being used in real-world contexts and that, by considering
the unsupervised nature of the integrated strategy, the

addition of new domains would not affect the overall
effectiveness.

By analyzing the results obtained on the two domains
(i.e., Laptop and Restaurant), the performance of ReUS
significantly changed, while for the Restaurant domain, the
gap betweenReUS and the best system ranges from 2 to 6%;
within the Laptop, ReUS always obtained the best F1-score
on the three datasets.

We run an error analysis of obtained results. The
confusion matrices of the results collected for both domains
on all datasets are reported in Fig. 14. We can observe how
the distribution of the error is different for the two domains.
By considering the Laptop domain, the errors are equally
distributed among false positive and false negative, while
for the Restaurant domain, 87% of the errors are classified
as false positive. This means that ReUS annotates as aspects
too many elements of a sentence. This result is in-line
with well-known issues of unsupervised algorithms that are
inclined to report many false positive errors [95]. Part of the
future work will be dedicated to cope with this issue.

Accuracy on Computing Aspect Polarity

The second evaluation concerns the capability of the ReUS
platform in inferring the correct polarity with which an

Fig. 9 The graph shows the
aspect extraction performance
obtained by the systems
participated to the SemEval
2014 evaluation campaign and
by ReUS on the Restaurant
domain of the SB2014 dataset.
In order to ease the link between
SemEval 2014 systems and the
related papers, we report on the
X axis their acronym
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Fig. 10 The graph shows the
aspect extraction performance
obtained by the systems
participated to the SemEval
2014 evaluation campaign and
by ReUS on the Laptop domain
of the SB2014 dataset. In order
to ease the link between
SemEval 2014 systems and the
related papers, we report on the
X axis their acronym

Fig. 11 The graph shows the
aspect extraction performance
obtained by the systems
participated to the SemEval
2015 evaluation campaign and
by ReUS on the Restaurant
domain of the SB2015 dataset.
In order to ease the link between
SemEval 2015 systems and the
related papers, we report on the
X axis their acronym

Fig. 12 The graph shows the
aspect extraction performance
obtained by the systems
participated to the SemEval
2015 evaluation campaign and
by ReUS on the Laptop domain
of the SB2015 dataset. In order
to ease the link between
SemEval 2015 systems and the
related papers, we report on the
X axis their acronym



Cogn Comput (2019) 11:469–488 481

Fig. 13 The graph shows the aspect extraction performance obtained by the systems participated to the SemEval 2016 evaluation campaign and
by ReUS on the SB2016 dataset. In order to ease the link between SemEval 2016 systems and the related papers, we report on the X axis their
acronym

aspect is mentioned into a text. This evaluation is performed
on all the SB2014, SB2015, and SB2016 datasets. The
polarity of an opinion word is computed by averaging the
polarity values extracted from the three resources described
in Sentiment Lexicons. Figures 15, 16, and 17 show the
accuracies obtained by each system participated to the
SemEval evaluation campaigns and by the ReUS platform.
Each column shows the accuracy obtained on each domain.
When a column is not present, it means that particular
system did not submit results for that dataset or domain.

We can notice how also in this case the behavior of the
ReUS platform in terms of accuracy is similar to the one
observed for the previous task. By considering the Laptop
domain, the ReUS platform obtained the best performance
on the three datasets, while for the other two domains
(i.e., Restaurant and Hotel) there is a gap of 1 to 2%
with respect to the best systems. Event if the difference
is not statistically significant, in these contexts, the use
of supervised approaches still outperform the proposed
unsupervised one. Also for the polarity computation task,
we performed an error analysis which results are reported in
Fig. 18. Here, we can appreciate that there are no significant
facts to highlight; indeed, errors are equally distributed
among false positive and false negative. Further, we
analyzed a subset of test documents for trying to understand
why on the Laptop domain our algorithm performs better
with respect to the other two. We discovered that, generally,
reviews belonging to the Restaurant and Hotel domains
are longer and more complex with respect to the Laptop
ones. This insight will be a starting point for future analysis
aiming to still improve the overall effectiveness of the ReUS
platform.

User-based Evaluation

Besides the quantitative evaluation presented above, we per-
formed a qualitative one consisted in filling a questionnaire
by the group of 57 users invited to use our platform for
analyzing the reviews stored in our repository. We reported
below a discussion on the two parts of the platform that were
analyzed by the users: (i) how the system is efficient in man-
aging data streams and (ii) how the functionalities available
within the user interface were understandable.

Platform Efficiency The efficiency of the overall architec-
ture has been measured within a closed scenario where our
repository stored around 1,200,000 reviews. By connecting
the extractor to the Amazon data stream, we noticed that the
scalability of the current version is still limited. In particular,
we observed that the main issue was the co-reference anal-
ysis of the text that is performed for detecting all instances
of an aspect contained within a document and the associated
opinion. We tried to solve this problem by parallelizing this
activity but the necessity of taking into account the temporal
attribute of documents resulted in detrimental effects of the
overall effectiveness. For this reason, we planned to develop
a scheduler integrating a conflict detector enabling an effec-
tive parallelization of the documents to analyze in order to
avoid the risk of losing information.

Usability of the Platform We collected feedback concerning
the usability of the functionalities that we implemented into
the user interface. By analyzing the comments provided
within the questionnaire, we noticed that two main issues
were highlighted by the users.
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Fig. 14 Confusion matrices
showing the error distribution
for the aspect extraction task

– Contextual information into the aspect visualization:
current version of the platform overlooked the fact
that users with different levels of expertise can use
the platform. Indeed, based on the their backgrounds,
users would require functionalities focusing more on
showing, graphically, which are the most important,
or interesting, aspects, rather than to visualize further
detailed information about them. Examples of such
information are the number of users that supported or
that rejected an opinion or the polarities associated with
each aspect. We planned to include this functionality in
future platform releases.

– Visualize how the polarity of each aspect evolves
through time: the second consideration provided by
users concerns the necessity of having a functionality
allowing the observation of aspect polarities evolve
through time. This feature would be definitely helpful
for the decision-making process. For example, it would
be used for analyzing how product’s changes have been
perceived by customers.

The feedback collected from the questionnaires will
trigger future actions for evolving the structure of the overall
platform. By improving the scalability of document analysis
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Fig. 15 The graph shows the
polarity computation
performance obtained by the
systems participated to the
SemEval 2014 evaluation
campaign and by ReUS on the
SB2014 dataset. In order to ease
the link between SemEval 2014
systems and the related papers,
we report on the X axis their
acronym

Fig. 16 The graph shows the
polarity computation
performance obtained by the
systems participated to the
SemEval 2015 evaluation
campaign and by ReUS on the
SB2015 dataset. In order to ease
the link between SemEval 2015
systems and the related papers,
we report on the X axis their
acronym

Fig. 17 The graph shows the
polarity computation
performance obtained by the
systems participated to the
SemEval 2016 evaluation
campaign and by ReUS on the
SB2016 dataset. In order to ease
the link between SemEval 2015
systems and the related papers,
we report on the X axis their
acronym
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Fig. 18 Confusion matrices
showing the error distribution
for the polarity computation task
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and by adding facilities for mitigating the effort for data
analysis will make the system suitable for being delivered
into a real-world scenario.

Conclusion and FutureWork

In this paper, we presented a real-world system able
to monitor streams of opinion-based documents and to
extract the mentioned aspects and the polarities associated
with them. The proposed architecture implemented an
unsupervised strategy for extracting aspects and it integrated
multiple knowledge bases for inferring associated polarities.
The results confirmed the suitability of both the proposed
OpenIE strategy and of the implemented architecture.

We show that in spite of the adoption of unsuper-
vised strategies, the effectiveness of the proposed platform
is in-line with the baselines that all implemented super-
vised solutions. An analysis about possible improvements
of the platform focused on the implementation of further
semantic-based strategies for improving the natural lan-
guage parsing component (Fig. 3). An example might be the
implementation of a semantic-distance checker able to dis-
cover and discard aspects that are not related to the entity
referred by the document. Here, the challenge is imple-
menting a solution avoiding the development of learning
components. Then, a further analysis could be performed
by relaxing the rules we used for tagging a term as aspect
or not.

A second evidence we report in the paper is the
effectiveness on inferring the polarity values associated
with each aspect. The results demonstrated the viability of
approaches based on the combination of several sentiment
resources. Part of the future work will focus on defining a
semantic representation able to easily merge and represent
available sentiment resources in order to support the
reasoning task.

From the user perspective, the tool we developed
for performing the real-time analysis was overall judged
interesting and useful thanks to the high number of available
functionalities. The feature better perceived by the users was
the tree-based view (Fig. 2) due to its capability of easily
re-ranked features based on the associated polarity values.

The current version of the platform will be expanded
in several directions. One of the techniques we want to
implement is an embedded-based clustering strategies for
grouping similar words. This way, we should be able to
group text chunks having the same conceptual meaning and,
at the same time, to preserve the aspect extraction capability.

Finally, the multi-domain research field will be explored
for two reasons: First, it will be of interest to carry
out refinements on the sentiment resources by taking
into account the domain information. This action should

improve the overall effectiveness on inferring aspects’
polarities; second, to include uncertainty in representing
information. Every information we analyze represents only
a part of the world and the remaining is totally unknown
to a system. Thus, the adoption of a dynamic fuzzy
representation of polarities would be able to consider
this aspect. The challenge here will be to transform this
information in something tangible for the final users.
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