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Sentiment analysis incorporates natural language
processing and artificial intelligence and has evolved as an
important research area. Sentiment analysis on product
reviews has been used in widespread applications to
improve customer retention and business processes. In this
paper, we propose a method for performing an intensified
sentiment analysis on customer product reviews. The
method involves the extraction of two feature sets from
each of the given customer product reviews, a set of
acoustic features (representing emotions) and a set of
lexical features (representing sentiments). These sets are
then combined and used in a supervised classifier to
predict the sentiments of customers. We use an audio
speech dataset prepared from Amazon product reviews
and downloaded from the YouTube portal for the
purposes of our experimental evaluations.
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1. Introduction

Much of the work carried out in relation to sentiment
analysis utilizes textual data [1]-{3]. However, when it comes
to expressing human emotions, one could argue that this is
more easily attainable through the use of the human voice
(audio) as opposed to the human hand (writing) [4], [5].
Researchers interested in devising approaches to a sentiment
analysis of audio data obtainable from call centers have vast
audio datasets available to them. This motivated the researchers
of [4] and [5] to propose multi-model sentiment analysis
techniques that utilize videos, audio reviews, and text for the
purposes of opinion mining and sentiment analysis. Sentiment
analysis of audio data can assist the business community in
better understanding the true emotions or satisfaction levels of
their customers. In simplistic terms, when speaking of
customer satisfaction, one can categorize customers into one of
two categories: satisfied or unsatisfied. However, the challenge
lies in determining to what extent they are satisfied or
unsatisfied; that is, the level of customer satisfaction. This has
motivated us to develop a method for categorizing a
satisfaction using acoustic features
(representing  various emotions) and features
(representing various sentiments). In general, a sentiment can
be categorized into one of three categories: positive, neutral, or
negative. We propose that this can be further extended to five
categories: highly positive, positive, neutral, negative, or zighly
negative. These extended categories of sentiment can then be
used to represent five levels of customer satisfaction, very
satisfied, satisfied, neutral, disappointed, and very disappointed.

customer’s level

lexical
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In our proposed approach to intensified sentiment analysis,
we seek to investigate the effects of acoustic features
(emotions) (AFs) when they are combined with lexical features
(sentiments) (LFs).

In our study, AFs of customer product reviews are extracted
using Munich OpenEAR, which is a tool for automatic
emotion recognition and feature extraction [6]. We use the
following AFs, among others: voice intensity, loudness, energy,
fundamental frequency (F0), and Mel-frequency cepstral
coefficients (MFCCs); these are widely used by researchers
for emotion recognition processes [7]-{9]. The audio data
(customer product reviews) in our study is transcribed into text
data using the automatic speech recognition tool Kaldi [10].
We then use SentiWordNet [2] for extracting features such as
SWN_positive, SWN_negative, and SWN_objectivity scores.

In this paper, we contribute to the field of sentiment analysis
by proposing a novel model for combining AFs and LFs in a
supervised classifier; here, the AFs are expected to enhance the
indications of sentiment polarity obtained from the LFs. For
example, the difference between saying “it is really good™ in a
normal tone and saying “it is realllly good”” with an excitement
in positive sentiment, or the difference between saying “it is
very bad” in a normal tone and saying “it is verrrry bad” in an
aggressive tone with negative sentiment, is significant in
predicting an actual deep emotion or intensified sentiment. We
argue that LFs alone are insufficient to predict such intensified
sentiments. The popular support vector machine (SVM)
classifier is used for the automatic prediction of intensified
customer sentiments about products. SVM is a simple, efficient
machine learning algorithm, and is widely used for pattern
recognition and classification problems. Under the conditions
of limited training data, it can deliver a better classification
performance compared to other classifiers [11]. Thus, in this
paper we use an SVM classifier to classify intensified
sentiments.

Our experiments are conducted with audio clips extracted
from videos downloaded from YouTube, which contain voice
reviews of products purchased from Amazon.com. Results are
obtained using an SVM classifier that has been trained with
different types of features.

II. Literature Review

Early approaches to sentiment analysis have tended to use
“bag-of-words” features extracted from text documents. Due to
the lack of domain-specific training data, these approaches
have poor records of accuracy [12]. Extended methods for
sentiment analysis have been proposed that utilize adverb and
adjective features, to enhance the sentiment polarity of LFs
[12]H14]. Bag-of-words features such as adverbs and
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adjectives have been proven to be suitable for use with rule-
based classifiers [15]. Sentiment analysis has a variety of
applications, such as text-to-speech synthesis [16], opinion
mining in on-line forums and electronic news media [17], [18],
question answering [19], text summarization [20], and citation
analysis [21]. Machine learning techniques for sentiment
analysis are considered a better alternative to existing
techniques, such as the use of bag-of-words, adjectives,
adverbs, and so on, due to their ability to handle large volumes
of data with better accuracy [22]. Supervised classifiers, such
as SVM and naive Bayes (NB), are more accurate at sentiment
prediction than earlier text-based approaches. The first proposal
to use supervised learning in sentiment analysis was made by
Pang and others [22]. Emotional signals extracted from audio
data can be used as a cue for efficient sentiment mining
processes. Ezzat [23] proposed a method to predict speakers’
emotions using AFs and used multiple classifiers, such as
decision tree, NB, SVM, and k-nearest, for validation. LFs,
such as adverbs, can be combined with AFs for improving the
efficiency of classifiers; Dragut and Fellbaum [24] proposed a
method to measure the effect of adverbs on strengthening
sentiment scores. Large-scale, opinion-rich data provided by
social media applications can be used for the purposes of
sentiment analysis [25]. Charfuelan and Schroder [26]
investigated the possible correlation between sentiment scores
(attributed to LFs) and emotion scores (attributed to AFs)
obtained from sentences. They found that the average energy
and mean fundamental frequency were the best features for
sentiment analysis as these features achieved a higher
correlation compared to other features.

Moghaddam and Ester proposed a method called Opinion
Digger [27]. Their method uses part-of-speech tags as features
in an unsupervised machine learning algorithm to determine a
set of aspects.

Our proposed method for performing intensified sentiment
analysis on customer voice responses focuses on studying the
effect of an AFs, particularly when these features are combined
with LFs.

Research on the recognition of AFs, in general, focuses on
voice pitch (fundamental frequency) and voice energy. There
are alternative acoustic attributes (as opposed to voice pitch and
voice energy) that can be used as a cue to recognize voice
emotions, such as MFCCs, Mel-based speech signal power
coefficients, formants, and temporal features (such as speech
rate and pausing) [28].

In the methods proposed in [29] and [30], prosodic features
are also used for recognition of AFs.

From the above investigations, it is observed that emotion-
based sentiment analysis methods, in general, aim at
recognizing both the mood and sentiment of a person through
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the use of both conceptual semantics (sentiment words) and the
mental (emotional) state of the person [31].

III. Proposed Method

We propose a method for performing intensified sentiment
analysis; the method utilizes AFs extracted from customer
product reviews (voice data) and LFs extracted from textual
transcriptions of the same customer product reviews.

The objective of this paper is to clearly identify customer
opinions about products in a more refined, categorical sense as
opposed to just stating that an opinion is either “positive’” or
“negative.” Customer opinions are classified into five types,
through which one can then infer the overall sentiment and
emotion of the customers.

The architecture of the proposed method is depicted in Fig. 1.

The method accepts voice data as an input and will output
an intensified sentiment (opinion). The central part of the
architecture consists of a set of classifier models, which are
trained using different feature sets. The trained classifier
models can be used to predict intensified sentiments from new
voice data through the use of an effective feature set. The
preferred feature set is the combination of both AFs and LFs.
The AFs are extracted using OpenEAR [6], a natural-language
processing toolkit. The toolkit is capable of extracting multiple
AFs from wave-format audio clips.

We select only a small number of features [71-9], each of
which is widely used in research related to emotion recognition.
The LFs are extracted by converting voice data into speech text
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Fig. 1. Architecture of proposed method.
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using a speech recognition toolkit called Kaldi [10]. However,
not all the words present within a speech text are expected to
carry indications of sentiment. Thus, we proposed a method to
automatically extract LFs from textual documents containing
customer product reviews using a piece of software called
Stanford Parser [32], which generates a parse tree for each
individual sentence. Then, feature selection is performed by
using a binary decision tree—based rule engine that applies a set
of hand-coded rules to the generated lexical parsing patterns.
The acoustic and lexical features are validated using well-
performing classifier models to identify a suitable feature set
for the more accurate prediction of intensified sentiments from
voice data.

In this work, we use an SVM classifier to analyze the
effectiveness of AFs and LFs for intensified sentiment prediction.

1. Feature Selection Using Hand-Coded Rules

In this paper, we propose a rule-based feature selection
method to extract from an input sentence only those words that
carry sentiment. The process of extracting such words from a
lexical parsing pattern is performed using a set of hand-coded
rules. The rules are formulated by an empirical analysis
performed on an experimental dataset and are shown in Table 1.

A pattern-matching engine checks a lexical parse tree for the
presence of aspect terms and words that carry sentiment.

The formulated hand-coded rules are specifically suited to
lexical parsing patterns generated by Stanford Parser.

Extracting sentiment-carrying lexicons from individual
sentences is a basic pattern matching process. Thus, the rules

Table 1. Hand-coded rules for lexical parsing patterns.

Rule components
Rule no. Attribute RHS of Example
lex.-pattern parent VP

1 VBZ NP, S “is”
2 VBZ+DT NP, S “isa”
3 VBD NP, S “used”
4 VBZ+IN PP “used in”
5 VBD +IN PP “used in”
6 VBG+IN PP “using in”
7 VBN +TO PP “used to”
8 VBN +IN PP “used for”
9 VB +RP NP “carry out”
10 VBP ADJP “are”
11 VBP NP “are”
12 VBP ADVP “play song”
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are treated in the rule engine as If-Then-Else Normal Form
patterns. A binary decision tree—based rule engine is used for
this purpose. The outcome of the rule engine is a triplet
comprising three components: aspect (representing an attribute
of a product), predicate (linking an emotion with the aspect),
and target sentiment-carrying words. For example, from the
input source sentence “the sound quality of the mobile is very
good,” the following features are selected: “sound,” “is,” and
“very good.” A set of such triplets is used in the calculation of
sentiment scores for the purposes of training the classifier
models; ultimately, the scores are used to predict intensified
sentiments.

2. LF Score Calculation

The lexical tool SentiWordNet [2] is used for calculating
scores attributed to the set of lexical features (sentiment scores).
SentiWordNet consists of annotated synsets of WordNet
according to the notions of “positivity,” “negativity,” and
“neutrality.” SentiWordNet calculates three numerical scores,
Pos(s), Neg(s), and Obj(s), for each word of an input datum. It
does so by using the synsets associated with each word. The
three scores serve to indicate the positive, negative, and
objective nature of the words contained within the input datum.
The scores are then used to construct a feature vector
(representing sentiment).

As an example, the objectivity score of a word belonging to
an input datum is calculated according to the following
equation:

ObjScore = 1—(PosScore + NegScore). )

Given a datum (input sentence), we construct its
corresponding feature vector (representing sentiment), which
consists of a set of sentiment scores; each sentiment-carrying
word within the input sentence is assigned a sentiment score
during the feature extraction process.

In total, there are six lexical features (positive, negative,
objectivity, positive mean, negative mean, and objectivity
mean) used for each datum (input sentence). The arrangement
of sentiment scores in each feature vector is as follows:
<pos_score 1> <neg score 1> <obj_score 1>
<pos_score 2> <neg_score 2> <obj_score 2>
<pos_score 7> <neg score 7> <obj_score #> <pos_mean>
<neg mean> <obj mean>, where n represents the number of
words within a datum. In addition, the unweighted mean
sentiment score (that is, the mean of the three aforementioned
means) is included as a part of each feature vector.

3. AF Score Calculation

The scores attributed to the set of acoustic features (emotion
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scores) are calculated from the voice data. We use the most
important speech-related AFs currently used in research related
to emotion recognition [7], [8].
The open-source natural-language processing software
OpenEAR [6] is used in this work for extracting AFs from the
voice data. The 23 most important voice-data measures
calculated from prosodic, energy, voicing, spectrum, and
cepstral features are used to form a set of AFs [6]. Prosodic
features are extracted from both the frequency and the
amplitude of the speech signal and represent its intensity,
loudness, and pitch. Energy features describe the human
loudness perception, and the presence of voice is identified
using an energy feature. Cepstral features represent changes or
periodicity in those spectrum features that are measured by
MFCC:s (calculated based on the Fourier transform of a speech
frame). The complete set of AFs represents the emotional state
of the speaker in question.
The following signal processing steps are performed by the
OpenEAR tool for calculating the MFCCs and energy scores:
= Speech signal pre-processing
= Framing
= Windowing
= FFT or DFT conversion
= Mel filter bank and frequency wrapping
= Log conversion
= DCT calculation
= MFCCs calculation
= Energy coefficients calculations
Based on the above steps, we select 23 acoustic features
(each of which represents emotion) and divide them into five
categories (see the list below). During the feature extraction
process, each emotion-carrying word within an input sentence
(datum) is assigned an emotion score. The resulting emotion
scores are then used in the construction of a corresponding
feature vector (representing emotion).
= Pitch: minimum, maximum, mean, standard deviation,
absolute value, quantile, ratio between “voiced” and
“unvoiced” frames.

= Duration: time (&) and height (g,).

= Intensity: Minimum, maximum, mean, standard deviation,
quantile.

= Formant: first formant, second formant, third formant,
fourth formant, fifth formant, second formant/first formant,
third formant/first formant.

= Rhythm: speaking rate.

= In the above list, § and g, are duration features, which are
prominent measures of emotion.

Figure 2 depicts the measure of FO for computing parameters
& and g, which corresponds to the rising and lowering of
intonation. The said duration features are a measure of the gaps
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Fig. 2. Measure of parameters & and &, relative to FO.

that appear in a wave form (that is, indications of silence
between words). The notation & refers to the pause time
between two disjoint segments of FO (known as “pitch”),
whereas g, refers to the vertical distance between the two
disjoint segments, which symbolizes a “voice break.” The
inclusion of the duration features accounts for possible low or
high pitch accents.

4. Formation of LF + AF Feature Vector

We create a single combined feature vector by taking the six
sentiment scores corresponding to the six lexical features of
the feature vector representing sentiment and the 23 emotion
scores corresponding to the 23 acoustic features of the feature
vector representing emotion; thus, each datum (input sentence)
is represented by a single combined feature vector comprising
29 scores.

IV. Data and Experiments

Our data set consists of 200 audio clips extracted from
videos taken from the portal YouTube. The videos contain
customer product reviews of products purchased from
amazon.com. The same video dataset has already been used in
other researches on sentiment analysis [33], [34].

We selected data from the customer reviews of Amazon
products and categorized each datum into one of five different
categories  (scenarios ~ representing  sentiment);  each
categorization is carried out based on the speaker’s emotion,
which is inferred from the audio data at the time. These
scenarios reflect a customer’s opinion of a product in terms of a
Likert [35] five-point scale, whereby the scale ranges from
“very satisfied” to “very disappointed.” The customer product
reviews cover five different products; mobile phones, mp3
players, digital cameras, shoes, and watches. The audio clips
are converted from speech to text for extracting lexical
sentiment features. The audio clips used for training the
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classifiers are pre-labeled depending on the context of the
speech; we used 80 data instances for training the classifier, 80
instances for validation, and 40 instances for testing.

For the purpose of feature evaluation, we prepared a separate
training and test set for each feature using LFs, AFs, and a
combination of the two (AFs + LFs). We separately tested each
data set to find the effect of AFs on strengthening the sentiment
classification process.

An SVM is considered by many researches to be a state-of-
the-art technology for machine learning [36]-{38]. SVMs are
supervised learning models with associated learning algorithms
that analyze data and recognize patterns, used for classification
and regression analysis. We use LibSVM [39], a multiclass
SVM model, for assigning five different class labels to the
customer product review data. A multiclass SVM (n-SVM)
defines a hyperplane by calculating the distances between
feature values. The general approach adopted to achieve
multiclass classification is the use of binary classification.

We use an n-SVM model with an RBF kernel, with a bias
and gamma of 1.0 as kernel function parameters.

V. Results

For the purpose of a performance comparison, we manually
evaluated the classification results obtained from the test data
sets through use of a Gold Standard evaluation strategy. Based
on the evaluation, “correct” and “incorrect” predictions are
calculated to obtain a prediction accuracy. To avoid skewed or
sparse results produced by the classifier, the classifier is trained
using multiple training and test data sets. The overall training
accuracy of the classifier is then calculated by taking the
average of the accuracy values obtained from these training
sets. This approach is known as a k-fold cross-validation, and it
serves to optimize the prediction accuracy. In such an approach,
the training is iteratively conducted & times (folds) by dividing
the labeled data into & nearly equal-sized data subsets. In each
fold, a training dataset is constructed using all but one of the k&
data subsets; the remaining data subset is used for validation of
the fold. We used 5-fold cross-validation as an optimum limit

Table 2. Overall classification results with LF, AF, and LF + AF data

sets.
Classifier models Prediction Cross-validation
accuracy (%) accuracy (%)
LF 69.70 70.50
AF 64.56 65.62
LF + AF 83.12 8333
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based on our empirical evaluations.

The trained classifier has been tested using a separate
unlabeled test set comprising 40 instances. The prediction
accuracy of the classifier has been calculated as the ratio
between the number of correct predictions and the total number
of predictions. The cross-validation accuracy results and
prediction accuracy results obtained using the three different
classification models with three categories of features, LFs,
AFs, and LFs + AFs, are depicted in Table 2.

VL. Discussion and Comparisons

From the accuracy graph shown in Fig. 3, it is evident that
the prediction accuracy is closer to the cross-validation
accuracy for all three classification models. Thus, the SVM
classifier’s performance is well above the acceptable level. The
prediction performance of the model with AFs (64.56%) is not
as good as the model with LFs (69.7%). The reason for this is
the better feature selection provided by hand-coded rules and
the semantic support provided by SentiWordNet. However,
when the LF model was bootstrapped by AFs in the LFs + AFs
model, it produced an overall prediction accuracy of 83.12%.
From this, it is evident that the intensified sentiment analysis
performance is improved by combining the AFs and LFs.

We compared our results with similar well-performing
methods that used both Amazon product review data as source
data and an SVM classifier for validation. P’erez-Rosas and
others [33] proposed a method for sentiment classification
from acoustic signals extracted from video data and achieved a
recall accuracy of 74.66%. Ezzat [23] reported an overall
accuracy of 74.4% using an SVM Key Graph method to
analyze speech emotion recognition. Poria and others [34]
proposed a method for sentiment analysis using audio data
prepared using Amazon product reviews and an SVM for
machine learning. They achieved an overall accuracy of
77.03%. In comparison to the aforementioned approaches, our
proposed method achieves a much better accuracy.

—&—Prediction Cross-validation

85

80
g 75
g‘ 70 -
§ 65 —~
<60

55

50

LF AF LF + AF

Classifier models

Fig. 3. Comparison between cross-validation accuracy and
prediction accuracy of SVM classifier.
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VII. Conclusion and Future Work

In this paper, we propose a method to extract 23 (AFs) and
six (LFs) from a given input audio clip (WAVE file format).
The extracted features are used to predict the intensified
sentiments of a customer speaking to a call center agent. Three
different feature sets (LF, AF, and LF + AF) are extracted and
used to build three corresponding classifier models. We used an
SVM classifier for developing a trained classifier model to
predict the opinions of a customer. For this, the opinions of a
customer speaking to a call center agent are is categorized into
one of the following five types: very satisfied, satisfied, neutral,
disappointed, or very disappointed. These types are mapped to
five levels of sentiment score, highly positive, positive, neutral,
negative, and highly negative.

The notable contribution of our work lies in the analysis of
the role of human emotions expressed in the form of speech
for improving the classification accuracy of an intensified
sentiment analysis. From the experimental results, it is evident
that the human emotion signal increases the classification
accuracy of the sentiment categorization process. The findings
of this qualitative study can be used in a variety of applications
such as automated customer behavior analysis, customer
redress systems, customized retail services, and business
process quality improvement.

This work can be further extended by correlating emotion
cues with the sentiment polarities of corresponding words to
exploit any explicit relationship between sentiment and
emotion. Furthermore, our approach can be tested with
languages other than English to devise a multilingual
intensified sentiment analysis system.
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