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ABSTRACT

Nowadays, there are more and more social networks and Web plat-
forms that give their users the opportunity to share their opinions
and tastes on items of different types. This inevitably led to a growth
of data relating to the subjective sphere of each individual. This
information is extremely useful for several purposes, such as pro-
viding personalized recommendation services or understanding
opinions conveyed through text. Sentiment Analysis provides help-
ful methods to analyze these textual opinions (e.g. reviews) from a
global point of view. In case we want a more detailed representa-
tion of the opinion represented in a text, Aspect-based Sentiment
Analysis identifies a valuable option thanks to its fine-grained level
of text analysis.

In this paper, we have designed a processing pipeline aimed
to extracting domain-related aspects from text by means of an
unsupervised approach. We formally define Aspect Terms and As-
pect Categories as well as Aspect-based Sentiment Embedding, an
approach of representing documents by computing aggregated sen-
timent scores for each aspect. We perform experimental evaluations
on the Spotify dataset to prove the utility of our technique in predict-
ing elements strictly related to emotions and feelings. Our results
show improvements on the regression task for sentiment-related
features compared to the classical semantic-based representations.
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1 INTRODUCTION

The increasing amount of user-generated content on blogs, social
networks, and e-commerce websites has pushed many companies
in further exploring data mining technologies to exploit this source
of subjective information. One of the most prolific research areas in
the Natural Language Processing is Sentiment Analysis, which aims
to identify and extract user opinions from text. In fact, Sentiment
Analysis has the goal to identify how sentiments are expressed in
texts and whether the expressions indicate positive (favorable) or
negative (unfavorable) opinions toward the subject [27]. For in-
stance, a sentence like "The latest Apple Macbook has finally arrived
and is amazing!" tweeted by a user can give to the Apple Company
a valuable opinion about its product just released. Another exam-
ple might be related to the detection of the emotional state of a
customer during a dialog with a chatbot. The efficacy of an auto-
matic customer service can be improved by moving the dialogue
to human operator in case the conversation starts to be frustrating
for the user. Sentiment Analysis techniques are designed to cover
all those situations, finding and measuring the subjectivity behind
words that express a Sentiment.

Sentiment Analysis can be performed at three different levels:
document level, sentence level and entity level. While at both docu-
ment and sentence level the goal of sentiment analysis is to find the
overall opinion expressed in a text, entity-based sentiment analysis
aims to discover the opinion of a user with respect to a specific
entity extracted from the raw text. This task is typically known as
Aspect-Based Sentiment Analysis (ABSA). More specifically, ABSA
mines opinions from text about specific entities and their aspects
[31]. It is usually divided into two main sub-tasks: the Aspect Term
Extraction (ATE), which extracts all the words that refers to an
aspect, and the Opinion Term Extraction (OTE), that aims to find
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all the expressions that convey the user opinion with respect to the
extracted aspect terms (i.e. assign a sentiment score to a specific
aspect term).

The task of ABSA is not trivial because of different reasons:
there are not objective and formal definitions of Aspect and, in
general, possible aspects differ from a domain to another. Moreover,
users could refer to the same concept using different words or
expressions. For example, in the Semeval 2014 laptop dataset [32]
there are a lot of training samples that express opinions about the
aspect "Technical Support”, but reviewers refer to it with expressions
like "technical service", "tech support" or "staff". Additionally, there
are not consistent and labeled datasets for the ABSA task, pushing
the majority of work in this field to adopt unsupervised approaches.

Nevertheless, a huge amount of data about sentiment conveyed
by text is available given the high interest of the community in au-
tomatically understanding subjective opinions and emotions from
written documents. Among several domains, datasets belonging to
the music field undoubtedly offer the richest collection of texts. On
this line, a good number of work started to analyze and exploit that
data for several purposes, like recommending music based on users
emotional states [1] as well as analyzing how songs characteristics
match user personalities [26].

In this work we aim to answer and give empirical evidence to
the following research questions:

o Is it possible to group Aspect Terms extracted through unsu-
pervised approaches into coherent Domain Aspect Categories
relevant in a ABSA scenario?

o Can a Sentiment-based text representation improve the perfor-
mances of Sentiment-related tasks?

In order to reach these goals, the unsupervised paradigm chosen
for the aspect detection task exploits dependency trees and syntactic
relations between words to extract not only Aspect Terms but also
Opinion Words, allowing us to assign a sentiment score to them.
Therefore, we adopt a Word2Vec representation to group together
all the similar Aspect Terms and define the Aspect Categories they
belong to.

As main contribution, we introduce an unsupervised method to
extract aspects from text which are relevant for Sentiment Analy-
sis. Compared to other state-of-the-art solutions, which detect the
Aspect Terms but compute a sentiment score for the overall docu-
ment, our solution groups all the found Aspect Terms into Aspect
Categories, each of them characterized by a specific sentiment value.
To highlight these distinctions, we also provide formal definitions
about Aspect Term and Aspect Category. Moreover, we introduce
the concept of Aspect-Based Sentiment Embedding, a representation
strategy of textual documents based on domain aspects and their
related sentiment scores. We demonstrate the utility of this embed-
ding technique by designing an experiment aiming to prove that
our approach grants improved performances on predicting textual
features related to human feelings against the well-known semantic
approaches.

Our intuition is that a sentiment-based embedding could be more
representative than a semantic one for text rich of sentiment. To
the best of our knowledge, this is the first attempt that introduces
the concept of numerical representation based on sentiment and
exploits it to improve performances of sentiment-related tasks.
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Since song lyrics are rich of human emotions [7], we choose the
music domain to evaluate our sentiment-based representation on
a prediction task. In particular, Spotify, one of the most renowned
music streaming services, released a dataset composed by a set of
features that best fit our needs paired with song lyrics. To prove
our hypothesis, we train several models for predicting different
features on a given lyrics representation, which can be based on
sentiment (Aspect Based Sentiment Embedding) or semantic vectors
(i.e. Doc2Vec). This comparison is made because while the latter
rely more on semantic features like word co-occurrence or context
that embed the semantic meaning of each word, the former enclose
information strictly related to subjective sentiment and opinions.
In other words, the semantic embedding identifies what the user
means while the sentiment one points out what the user feels.
Therefore, our proposed sentiment-based embedding strategy is
more suitable to assess features strictly related to human emotions.
Finally, we assessed statistical significance of our results by a T-
Student test.

2 RELATED WORK

Most recent works in the Sentiment Analysis field exploit super-
vised learning techniques that have proven to be very effective
for different text classification tasks. In particular, among different
supervised approaches, there has been a lot of interest in Deep
Learning models like Convolutional Neural Networks (CNNs) and
Recurrent Neural Networks (RNN) with all their variants (i.e. LSTMs
and GRUs), or Language Models like ELMo [29] and BERT [8].

CNNs have shown remarkably strong performances on the im-
portant task of sentiment classification [15-17]. The promising
results achieved with CNN-based models have driven researchers
to further explore the Deep Learning field. For instance, in [11]
authors proposed a joint CNN and LSTM framework that takes the
features extracted by the CNN as input for the LSTM to perform
sentiment analysis on short texts by means of pre-trained word
embedding model. Similarly, in [3] Behera et al. investigated a hy-
brid approach of CNN and LSTM called Co-LSTM for the analysis
of consumer reviews posted on social media, aiming to be domain
independent and highly adaptable in examining big social data
while keeping scalability. Recently, there has been a lot of interest
in the combination of classical Deep Learning architectures and
Attention mechanisms, whose goal is to mimic cognitive attention
in finding relevant contextual elements in a sentence [35]. Many
studies [2, 5, 38] have demonstrated that the combination of the
previous techniques have improved performances on the text clas-
sification task. The advent of powerful language models such as
BERT defined a new trend in the NLP research field. In particular,
there has been a lot of interest in training custom models for spe-
cific languages that can be exploited for solving different research
problems, i.e. Sentiment Analysis [30, 34].

As opposed to extracting the general sentiment expressed in
a piece of text, Aspect-Based Sentiment Analysis (ABSA) aims to
extract both entities described in the text (e.g. attributes or compo-
nents of a product or service) and the writers opinions about such
entities. As a result, there has been an increased interest by the NLP
community on ABSA and Aspect Term Extraction (ATE), so more
resources have been made available for these tasks. Early works
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Figure 1: Aspect Term Extraction and Clustering

deal with the extraction of Aspect Terms and the related sentiment
by using association rules [13], Conditional Random Fields (CRF)
[14], knowledge-based topic modeling [6], or double propagation
[21, 22]. Recently, the research focus has moved on using Deep
Learning models for ATE. For instance, in [33] authors made differ-
ent experiments with Convolutional Neural Networks (CNNs) and
several word embedding strategies. The main problem of CNNs is
that they are not able to handle long-term dependencies. This is the
reason why recent works started to adopt Recurrent architectures,
such as LSTMs. The latter are used by Li et al. [20] where aspects
detection history and opinion summary are used to enhance the
ATE model.

Other Deep Learning based approaches also tried to exploit the
information in the dependency trees to enrich the sentence rep-
resentations as input to the ATE models. Ye et al. [40] proposed a
model based on CNNs, that uses Tree-Based Convolution to incorpo-
rate dependency relationships. Luo et al. [23] used a Bi-directional
LSTM to learn a representation of the dependency tree for each
review.

In our work, the main focus is on extracting aspect terms and
sentiment information from raw text in an unsupervised way. In
literature, different approaches have been proposed to implement
unsupervised ABSA models. In [10] authors developed a framework
able to perform both supervised and unsupervised ATE in large
review datasets, based on Bi-Directional LSTM networks and CRF.
The idea is to automatically annotate a dataset in an unsupervised
manner by only considering nouns and noun phrases as candidate
aspects. The resulting labeled dataset is then used for training the
Deep Learning model. In [37] Vargas et al. proposed a simple ap-
proach called SUAEx for unsupervised aspect extraction, which
relies solely on the similarity of word embeddings. He et al. [12]
introduced a novel neural approach with the aim of discovering
coherent aspects exploiting the distribution of word co-occurrences
through the use of neural word embeddings. In addition, they imple-
mented an attention mechanism to de-emphasize irrelevant words
during training, further improving the coherence of aspects. In [4]
authors designed a two-step hybrid model by combining linguistic
patterns with Deep Learning techniques to improve the ATE task.
The first step exploits a rule-based approach to extract aspect terms,
then used as input for the second step that consists in training
an attention based Deep Learning model. Other works, instead of
using rule-based approaches, focused on the implementation of
domain-independent Deep Learning ATE models trained on multi-
ple datasets (e.g. restaurant, laptops and hotel reviews) in order to
improve their robustness and generality [28].

3 UNSUPERVISED ASPECTS EXTRACTION

One of the main issues we try to address is that aspect terms ex-
tracted through state-of-the-art approaches are not grouped into
categories since they are not inferred. Another problem is that these
works do not leverage all the fine-grained sentiment information
enclosed in each aspect. In our work, we address the problem of
unsupervised ABSA for extracting relevant aspects and the related
sentiment in order to understand if features related to human feel-
ings can be better inferred with a representation more based on
sentiment data instead of semantic one. For this purpose, we im-
plement an unsupervised ABSA model that has been tested on the
Spotify dataset, creating a representation of each song based both
on the extracted aspects and the related sentiment. These songs
encodings are then used for predicting different scores like dance-
ability, valence, mode and others that will be discussed in the next
sections.

To the best of our knowledge, there are not works in literature
that exploit aspects and their related sentiment for a regression
task like the one described before.

Finding relevant aspects in a specific domain is a not trivial task
since they are not known a priori and because of their intrinsic
subjectivity. These concepts that typically describe features of items
like instruments or cars could be inferred by exploiting several
Natural Language Processing techniques if they have not already
been provided.

To reach this objective, one possibility is to collect all the nouns
that are directly related to words that carry a sentiment with them
(e.g. unconditional love, great party, beautiful sun, etc.). The main
intuition behind this assumption is that items aspects are generally
evaluated by the reviewers who expose opinions on them [10, 12].

Without loss of generality, it is possible to widen this assumption
to any written text belonging to any domain. For example, in the
music domain aspects can be identified with topics treated by the
song-writer. Therefore, depending on the topics and their sentiment
polarity we can infer some peculiar features that are more related
to subjective emotions instead of the semantic meaning.

Given a set of documents, we define the pipeline based on an
unsupervised approach depicted in Figure 1, able to identify all
those aspects that characterize a specific domain. This choice has
been made given the absence of a complete and consistent dataset
designed for this task, as well as to keep the aspect extraction algo-
rithm as less domain dependant as possible. To better explain how
the proposed method reaches the final goal of detecting the domain
aspects, we found helpful to introduce two formal definitions about
the Aspect Category and the Aspect Term.
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DEFINITION 1 (AsPECT CATEGORY). Given a domain D, an Aspect
Category A, or more briefly Aspect, is either a topic or concept which
meticulously describe a specific domain characteristic s.t. a domain is
portrayed by a set of N Aspects D = {Ag, A1, ...AN}.

As an example we may consider the domain of movies. Some
Aspect Categories which best portray film industry products are
undoubtedly the ones evaluated by the Academy of Motion Pic-
ture Arts and Sciences assigning the Academia Award, like Picture,
Visual Effect, Director, etc. Then, for the movie domain and the cor-
responding Aspects are D = {Picture, Director, Visual_Ef fect}

DEFINITION 2 (ASPECT TERM). Let A be an Aspect for the domain
D and w a generic natural language word. Then w is an Aspect Term
for D if w is a token used to denote the concept or the topic of the
Aspect A. We denote this relation with w < A.

Following the previous example, a movie can be entirely de-
scribed by talking about its computer graphic, the plot and the
actors performances as well, all words that belong to the Aspect
Terms sets of the movie domain. For instance:

(light, color, saturation, landscape) < Picture

(monster, fire, explosion, dragon) <« Visual_Ef fect
(adaptation, framing, casting) < Director

Therefore, given the sentence: "Interstellar is a film with incredible
landscapes, where realistic space and planets are the context for great
actors and an impeccable soundtrack.”, we can infer that:

D = {Picture, Visual_Ef fect, Actor, Music}

(landscape) < Picture A (soundtrack) < Music
(space, planets) < Visual_Ef fect A (actor) < Actor

The main goal of our pipeline is the Aspect Term Extraction. It
bases on a sequence of processing steps that starting from textual
data, is able to identify Aspect Categories together with the corre-
sponding Aspect Terms. Following the process depicted in Figure 1,
we have a sequence of steps:

1. Candidate Aspect Term Detection: all the words that
have an high probability to be an Aspect Term are here iden-
tified by means of the Rule-Based Aspect Term Extractor. It
searches entities on which opinions are expressed exploit-
ing some syntactic rules. In details, nouns usually refer to
entities, while adjectives, adverbs, and some verbs usually
carry a sentiment information that define the opinion polar-
ity [39]. Thus, only those nouns that are strictly linked to
words having a non neutral sentiment score are selected. To
this purpose, a Dependency Parse Tree is generated for all
the sentences in each document of a collection since depen-
dency relations reveal existing connections between word
and possible sentiment inflections.

All nouns that have dependencies with adjectives and ad-
verbs with the adjectival modifier (amod) and adverbial mod-
ifier (advmod) relation respectively are considered as Can-
didate Aspect Term, including also nouns that have some
connections with verbs characterized by a non-neutral senti-
ment score, obtained from the Sentiment Lexicon SentiWords
[9]. This because some expressions like "The colors makes
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you love the film" give a positive opinion on the aspect Pic-
ture with the composed verb makes - love without exploiting
adjectives neither adverbs. It is worth noticing that words
enclosing opinions are considered only as a filter condition
to select candidate terms of interest, without storing any
information about them, while the frequency of each unique
term on the entire collection of documents is kept.

2. Aspect Term List Generation: From the Candidate Aspect
Terms, all the words that have the same lemma are collapsed
via lemmatization. For each term who share the same lemma
we sum its relative number of occurrences, then we delete all
terms whose counter is lower then a specific threshold (10 in
our case), resulting in the final Aspect Terms List as outlined
in Figure 1. This choice is for avoiding to take into account
aspects that are not highly informative for inferring Aspect
Categories, thus generating noise in the following steps.

3. Word2Vec Representation: aiming to define which are
the main Aspects that qualify the domain of interest, we
take advantage of semantic vector representations of terms
like Word2Vec [25]. Due to its known capability of shap-
ing categorical feature like words into numerical represen-
tations with an intrinsic semantic spatial distribution, we
found Word2Vec particularly fits our goal. In details, we com-
pute for each lemma that populates the Aspect Terms List its
Word2Vec embedding.

4. Aspect Categories Extraction: all the Aspect Terms em-
beddings are grouped in clusters by means of the K-means
algorithm [24]. It allows us to define those categories which
best assemble the Aspect Terms in a semantically consistent
way. The Aspect Categories are thus identified with centroids
of the retrieved clusters, and each of them keeps track of a
list of Aspect Terms to which they belong to.

To clarify the process of Aspect Term Extraction and Clustering,
shall we consider two example tracks from the music domain: "My
Father’s Eyes" by Eric Clapton and "Civil War" by Guns °N Roses.
From these two songs our approach is able to extract some aspects
such that:

D = {Family, Love, War, Humanity}

More in depth, to define the previous Aspect Categories, the Rule-
Based ATE module receives as input a set of lyrics from which we
present the following excerpts: "When I look in my father’s eyes, my
father’s eyes, then the light begins to shine and I hear those ancient
lullabies” and "I don’t need your civil war, it feeds the rich while
it buries the poor, your power hungry sellin’ soldiers, in a human
grocery store" and then, it extracts some candidate Aspect Terms like
"father", "lullabies", "war", "power" and "soldiers". After removing
not frequent terms like "lullabies” and "power", we obtain that the
remaining words belong to the Aspect Term List and Word2Vec
representations are computed for them. These representations are
then used by the Clustering module, together with all the other
aspect terms extracted from the lyrics, to define the previous Aspect
Categories, reaching:

(father) <« Family A (war, soldier) « War

It is worth noticing that our Aspect Extraction approach is not
domain dependant, so it can be applied without loss of generality to
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several objectives in many different domains, like reviewing items
for e-commerce platform or detecting sentiment features in a songs
collection.

4 SENTIMENT REPRESENTATION

The main idea behind our work is to identify a numerical sentiment-
based representation of documents, which could deal with features
strictly related to emotions or opinions in a more accurate way.

To define this new kind of embedding, we found useful to set the
Aspect Categories as dimensions of the vector representation, in the
sense that each domain aspect match with a specific vector position
whose element or value enclose a sentiment information about that
Aspect. For instance, assuming that we found fifty Aspect Categories
in the music doamin:

D = {People, Friendship, ..., Love, ..., Time}

Sentiment embeddings of songs lyrics will have the first position
referred to the aspect People, the second one related to Friendship,
the forty-eighth to Love and the last to Time. Each of them could
have a non zero value depending whether the song-writer expresses
an opinion on the aspect or not, as also highlighted in Figure 3.
More formally:

DEFINITION 3 (ASPECT-BASED SENTIMENT EMBEDDING). Let A be
a set of Aspect Categories, N the cardinality of A and s a sentiment
score s.t. s € [—1,1]. Given a document D, composed by different
sentences, we define the Aspect-Based Sentiment Embedding e of D
the vector:

e = (50,51, .., SN)

where sj,i = 0,1,...,N is the sentiment score computed on the i-th
Aspect Category.

Documents that treat the same aspects are similar in their rep-
resentations. Moreover, depending on the opinions expressed for
each aspect, the computed sentiment value is an aggregation of
sentiment scores obtained from each adjective, adverb, and verb
linked to that aspect.

More in depth, we base our sentiment based representation on
the results produced by the Aspect Term Extractor presented in
Section 3. Starting from the list of Aspect Categories that our model
found over a domain, our approach takes as input a document
written in Natural Language and searches for aspects and the related
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Figure 2: Aspect Based sentiment representation strategy

sentiment scores to shape the aspect-based sentiment embeddings.
The designed pipeline is outlined in Figure 2.

'Cause everybody hurts. Take comfort in your friends.
Everybody hurts. The days and nights are long

1
1
v

‘ -0.56 ‘ 0.26 ‘ 0.0 } ‘ -0.13 ‘
People Friendship Love Time

Figure 3: Aspect-Based Sentiment Embedding example

To evaluate our system, we choose to build the aspect-based
sentiment embeddings over documents belonging to the music
domain. This because songs lyrics carry a more emotional meaning
instead a semantic one, so they particularly fit to test performances
in predicting sentiment based features. However, our approach
is not dependant on the music domain, thus relying on a domain
independent method that exploits an Aspect Category list to identify
the numerical representations.

The proposed method receives in input a document, that is a song
in this case, and searches for Extracted Aspect Terms by means of
the Rule-Based Aspect Term Extractor already adopted in the Aspect
Term Extractor outlined in Figure 1. Here, terms with sentiment
inflections are collected together with adjectives, adverbs, and non
neutral verbs to specify their sentiment value. For each aspect
term we go back to its lemma and then we compute its Word2Vec
representation.

As a consequence, the Aspect Detector module, shown in Figure
2, estimates the cosine similarity between all the aspect terms and
the centroids of each aspect category stored in the Aspect Category
List. In this way, we are able to assign each aspect word to a specific
Aspect Category based on the highest similarity value, while we
delete those terms whose similarity scores are lower than a certain
threshold. As a result, we produce a list of Aspect Terms and related
sentiment words assigned to specific Aspect Categories.

We are now able to build the Aspect-Based Sentiment Embedding,
whose dimension is equal to the number of categories composing
the Aspect Categories list. In fact, each position of the embedding
vector matches with a specific Aspect Category, while the value is
computed based on the sentiment score related with that aspect. To
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this scope, we implement a Lexicon-based Sentiment Score Extrac-
tor which takes advantage of the Sentiment Lexicon SentiWords, a
high coverage resource containing roughly 155,000 English words
associated with a sentiment score included between -1 and 1 [9], to
retrieve the sentiment scores related to those words that carry the
opinion of the writer. It follows that the overall sentiment value for
an aspect is an aggregation of scores obtained for each aspect terms
belonging to that aspect category. In our case, the aggregation func-
tion we adopted is the simple summing function that sums all the
sentiment of adjectives, adverbs and non neutral verb related to
each aspect terms belonging to one aspect category.

The Aspect-Based Sentiment Embedding built we this approach
follows an intuition similar to the one that characterizes the one-hot
encoding representation. While in the one-hot encoding embedding
each word identifies a specific position in the vector, in our approach
the aspect categories define the space of the embedding vectors.
In this way, documents that treat similar aspects with a similar
sentiment share the same emotional meaning.

5 EXPERIMENT

This section describes the in-vitro experiments that we have run
in order to understand whether some music track features in the
Spotify dataset, typically related to the feelings conveyed through
songs, can be better inferred using a representation based on the
sentiment instead of a classical based on semantics.

We have used a free dataset on Kaggle! that contains various
types of information over more than 18,000 Spotify songs including
artist, album, audio features (e.g. loudness), lyrics, the language
in which they are written, genres, and sub-genres. The dataset
contains many songs in a period from 1921 to 2020.

From the dataset we have selected only songs with lyrics in Eng-
lish, discarding the instrumental ones because not exploitable by
our model. We have split the dataset using the following propor-
tions: 60% for the training set, 20% for the validation set and 20%
for the test set. In order to create a sentiment based representation
for songs, the first step was to feed the training to the pipeline
described in Section 3. In this way we were able to extract all the
aspect terms from lyrics and to group them into aspect categories
identifying which are the main aspects for the music domain. For
this purpose we have adopted a Word2Vec representation of aspect
terms exploiting the model trained on Google-News dataset? and
then we have used the K-means algorithm to cluster the aspect
terms into their categories, setting the number of clusters to 75.
This choice has been made using the Elbow method [36] which
demonstrated that the best number of clusters to model our aspect
categories is not greater than 75.

Once the aspect categories have been defined, we have proceeded
with the online step in order to estimate the Sentiment-Based Aspect
Embedding for each song in the dataset.

As stated in section 4, song lyrics were given as input to the
Rule-Based ATE module for extracting candidate Aspect Terms and
related opinion words from text. For each candidate, we compute
similarity scores with the centroids of all the Aspect Categories,
keeping only those values greater than a certain threshold, whose

!https://www.kaggle.com/imuhammad/audio-features-and-lyrics-of-spotify-songs
Zhttps://drive.google.com/file/d/0B7XkCwpISKDYNINUTTISS21pQmM/
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value is empirically set to 0.4. The highest score identifies the cluster
to which the candidate belongs. If all the similarities scores were
discarded in the previous step, then the candidate is not a pertinent
as domain Aspect Term. At the same time the related sentiment
was calculated using the SentiWords sentiment lexicon. Following
this approach we were able to represent a song as a vector of 75
elements in which the element at the position i represents the
sentiment expressed in the text with respect to the i-th Aspect
Category, according to the Definition 3.

The main objective of our work is to answer the following re-
search question: "What is the best representation for each Spotify
feature? The semantic or the sentiment-based one?" To this purpose,
we decide to use Doc2Vec [19] as our baseline for the semantic-
based representation of songs lyrics. For validating our hypothesis,
we have trained regression models on both sentiment and semantic
songs representations to predict the following six key-features in
the Spotify dataset (for a total of 12 models), whose values are in a
range from 0 to 1:

e Valence describes the musical positiveness conveyed by a
track.

e Mode indicates the modality (major or minor) of a track, the
type of scale from which its melodic content is derived.

e Speechiness detects the presence of spoken words in a track.
The more exclusively speech-like the recording (e.g. talk
show, audio book, poetry), the closer to 1.0 the attribute
value.

e Acousticness is a confidence measure of whether the track
is acoustic

e Liveness detects the presence of an audience in the record-
ing.

e Danceability describes how suitable a track is for dancing
based on a combination of musical elements

For the sake of completeness we have trained also the regression
models for Speechiness, Acousticness, Liveness and Danceability
even if those variables are not related to the sentiment. In fact,
Speechiness represents how much the track is wordy, while the
others are associated to the technical audio characteristics. On the
contrary, Valence and Mode are more linked to the sentiment con-
veyed by song texts. The Valence is the positiveness of a song, in
the sense that tracks with high valence score sound more positive
(happy, cheerful, euphoric), while tracks with low valence value
sound more negative (sad, depressed, angry). The Mode is the like-
lihood of a song of being in a major or minor scale. Even though
this description seems unrelated to sentiment, different studies
demonstrated that minor scales are typically used for songs that
convey a negative mood while major ones are used for songs that
communicate a positive sentiment [18]. The model’s architecture
adopted for solving the regression task is a Fully Connected Neural
Network with 3 hidden layers with ReLU activation and an output
layer with linear activation function. In order to optimize the train-
ing and avoid overfitting, we used the early stopping strategy by
monitoring the Mean Absolute Error (MAE) and Mean Squared Er-
ror (MSE). We have also trained a Doc2Vec model on the song lyrics
to obtain those semantic-based representations to use as input in
our model. Table 1 and Table 2 show the evaluated performances of
our models in terms of MSE and MAE. Table 1 contains the results
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Spotify Feature | Representation | MSE MAE
Valence doc2vec 0.0542 | 0.1891
sentiment 0.0530 | 0.1920
Mode doc.2vec 0.2694 | 0.4686
sentiment 0.2507 | 0.4682
Speechiness doc2vec 0.0082 | 0.0619
sentiment 0.0124 0.082
Acousticness doc2vec 0.0574 | 0.1618
sentiment 0.0488 | 0.1618
Liveness doc.2vec 0.0256 | 0.1122
sentiment 0.0234 | 0.1140
Danceability doc2vec 0.0270 | 0.1295
sentiment 0.0307 | 0.1416

Table 1: Evaluation results of several model, one for each
Spotify feature, trained on Sentiment Representations and
the Doc2Vec embeddings, that achieve the best value of MAE
in the validation set. Values in bold identify the best per-
forming model on the related feature.

that we reached with both our semantic-based embeddings and the
doc2vec representation with the model that achieved the lowest
value of MAE on the validation set. Similarly, Table 2 shows the
differences in performance of the models obtained with the lowest
value of MSE on the validation set.

The results presented in the tables confirm our hypothesis about
the target variables. The MSE smaller than 0.0018 for the Valence
with the Sentiment-Based embeddings demonstrates that the model
commits less consistent errors with respect to the Doc2Vec ap-
proach. As regards the Mode, we reach a proximity value for large
errors equal to 0.137 on average. This when the sentiment embed-
ding is used, reflecting improved results also on the MAE. As a
further prove of our intuition, the performances on Speechiness
suggests that the semantic-based representation are more suitable
in predicting targets which depend solely on textual features. The
results for the other target variables seem to be quite unclear, which
depends on the fact that these features are not connected to the
lyrics of a song but they are computed on the audio characteristics.

We performed also a T-Student test for comparing the predicted
values with the real targets and in all the settings we obtained a p-
value < 0.01. Therefore, we can conclude that the presented results
are statistically reliable.

6 CONCLUSIONS

In this work, we have introduced a new unsupervised approach for
extracting sentiment aspects from documents on a specific domain
by detecting Aspect Terms and finding Aspect Categories which they
belong to. Furthermore, we have formally defined Aspect Term and
Aspect Category highlighting their differences, as well as the Aspect-
Based Sentiment Embedding, a new kind of document representation
based on sentiment values computed for each Aspect Category. We
have also provided a preliminary use-case of our sentiment rep-
resentation technique, motivating its benefits by performing an
in-vitro experimental evaluation on the Spotify’s features regres-
sion task. We have compared our results with those obtained from
the usage of semantic-based embeddings (i.e. Doc2Vec) on Spotify
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Spotify Feature | Representation | MSE MAE
Valence doc.2vec 0.0542 | 0.1891
sentiment 0.0524 | 0.1911

Mode doc2vec 0.2597 | 0.4803
sentiment 0.2470 | 0.4725

Speechiness doc2vec 0.0082 | 0.0619
sentiment 0.0129 | 0.0741

Acousticness doc.2vec 0.0508 | 0.1632
sentiment 0.0517 | 0.1907

Liveness doc.Zvec 0.0256 | 0.1122
sentiment 0.0235 | 0.1158

Danceability doc2vec 0.0268 | 0.1287
sentiment 0.0307 | 0.1423

Table 2: Evaluation results of several model, one for each
Spotify feature, trained on Sentiment Representations and
the Doc2Vec embeddings, that achieve the best value of MSE
in the validation set. Values in bold identify the best per-
forming model on the related feature.

songs lyrics, and we have demonstrated little improvements on the
Mode and Valence features prediction.

To statistically validate our experiments, we have also performed
a T-Student test on the predicted data that confirms the reached
results. Despite the basic configuration of our method, we have
proved that a sentiment representation could be more informative
than semantic one in a sentiment related task.

As Future Work, we plan to improve performances by adopting
different clustering methods either choosing for a more complex
aggregation function to compute the aspect sentiment value.

Moreover, we will perform an in depth analysis of Aspect Cate-
gories retrieved by several clustering algorithms, testing the utility
of the Aspect-Based Sentiment Embeddings on more domains and
with more baselines, as well as find new applications on which our
Sentiment representation could be useful.
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