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Sentiment analysis has been a hot research topic in natural language processing and data mining fields
in the last decade. Recently, deep neural network (DNN) models are being applied to sentiment analysis
tasks to obtain promising results. Among various neural architectures applied for sentiment analysis,
long short-term memory (LSTM) models and its variants such as gated recurrent unit (GRU) have
attracted increasing attention. Although these models are capable of processing sequences of arbitrary
length, using them in the feature extraction layer of a DNN makes the feature space high dimensional.
Another drawback of such models is that they consider different features equally important. To address
these problems, we propose an Attention-based Bidirectional CNN-RNN Deep Model (ABCDM). By
utilizing two independent bidirectional LSTM and GRU layers, ABCDM will extract both past and future
contexts by considering temporal information flow in both directions. Also, the attention mechanism
is applied on the outputs of bidirectional layers of ABCDM to put more or less emphasis on different
words. To reduce the dimensionality of features and extract position-invariant local features, ABCDM
utilizes convolution and pooling mechanisms. The effectiveness of ABCDM is evaluated on sentiment
polarity detection which is the most common and essential task of sentiment analysis. Experiments
were conducted on five review and three Twitter datasets. The results of comparing ABCDM with six
recently proposed DNNs for sentiment analysis show that ABCDM achieves state-of-the-art results on
both long review and short tweet polarity classification.
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1. Introduction

Sentiment analysis aims at analyzing and extracting knowl-
edge from the subjective information published on the Internet.
Due to its vast range of academic and industrial applications as
well as exponential growth of Web 2.0, sentiment analysis has
been a hot research field in data mining and natural language
processing (NLP) recently [1]. Therefore, various methods and
tools capable of specifying the polarity of a document have been
developed in recent years. Polarity detection is a binary classifica-
tion task that represents an important dowel in most sentiment
analysis applications [2]. Most of earlier methods for sentiment
analysis, trained shallow models on carefully designed effective
features to obtain satisfactory polarity classification results [3].

These models usually applied traditional classification meth-
ods including support vector machines (SVM), latent Dirichlet
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allocation (LDA), and Naive Bayes on linguistic features such as n-
grams, part-of-speech (POS) tags, and lexical features. There are
two main drawbacks to this approach; (i) the feature space on
which the model should be trained is sparse and high-dimensional
which decreases the performance of the model, (ii) the feature
engineering process is a labor- and time-intensive task.

To address the above mentioned drawbacks of traditional clas-
sification methods, learning word embedding has been proposed
and used by several recent research works [4-6]. Word embed-
ding is a real-valued dense vector created using a neural language
model that considers different lexical relationships [7,8]. This
makes the use of word embedding as the input to deep neural
networks (DNN) very popular in recent NLP studies [7]. DNNs
have attracted the attention of many researchers in different
fields such as computer vision [9], multimodal sentiment anal-
ysis [10], medical informatics [11], and finance [12] in recent
years.

DNNs have been proposed for the analysis of textual data
mainly focuses on either learning word embedding or performing
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machine learning tasks such as classification and clustering on
the learned feature vectors [13]. Among the vast deep network
types, convolutional neural networks (CNNs) and recurrent neural
networks (RNNs) are more common in text processing related
studies [13]. The reason for this popularity is the ability of CNNs
in learning local patterns and the power of RNNs in sequential
modeling. Although RNNs are suitable for many text processing
applications, they suffer from vanishing and exploding gradients
when there are long-term dependencies in the input data [7].
Such dependencies are common in most NLP applications and
specifically in sentiment analysis.

To address this problem, long short-term memory (LSTM) and
gated recurrent unit (GRU) networks were introduced. The former
address the problem via input, forget, and output gates, while
the latter exploits a reset gate and an update gate (see Sec-
tion 2). Due to their potential to solve the problems of standard
RNNs, both LSTM and GRU have attracted the attention of NLP
researchers [14]. To consider both the preceding and succeeding
contexts, bidirectional LSTM (Bi-LSTM) and bidirectional GRU (Bi-
GRU) were proposed. By combining the forward and backward
hidden layers, these models can better address the sequential
modeling problem.

Although Bi-LSTM and Bi-GRU are extensively used in NLP
applications, there are two main drawbacks in them: (1) the high-
dimensional input space common in text processing applications
increases the complexity of the model and makes it difficult to
optimize; (2) the model cannot focus on the important parts of
the contextual information of text. To address these problems,
several approaches were proposed in the literature. For example,
CNNs were used to decrease the dimensionality of the feature
space as well as extracting meaningful features from text [15].
Attention mechanism was used to focus on the important parts
of context by assigning different weights [7].

However, existing deep models for SA usually address a few
problems and neglect others. For example, Chatterjee et al. [16]
utilized two pre-trained word embeddings and LSTM to extract
both sentiment and semantic for emotion recognition, but their
model did not consider the differences between the importance
of different parts of sentences. Liu et al. [17] combined bidirec-
tional LSTM with CNN and exploited attention mechanism but
did not addressed the problem of co-occurrence of both short
and long dependencies. Rezaeinia et al. [ 18] improved pre-trained
word embeddings and employed CNNs but did not consider long
dependencies and words with different importances. To fill the
existing gap, the current study proposes a new deep model for
polarity detection of both short and long user comments. Specif-
ically, our proposed model extracts both long and short intra-
sentence relations, considers forward and backward contextual
dependencies, selects most important features, and pay more or
less attention to different words in comments.

In the proposed model, first, the global vectors for word rep-
resentation (GloVe) [8] are used as the weights in the embedding
layer. Then, the attention mechanism is used at the outputs of
Bi-LSTM and Bi-GRU branches to make the model capable of
paying more or less attention to different words and sentences.
Convolution is then used to extract informative features and
decrease the dimensionality of the input data. Also, global and
average pooling layers are stacked at the outputs of CNN layers
to down sample their feature maps. This makes the resulting
feature maps more robust to the positional changes of features. To
verify the effectiveness of the proposed model, we conducted the
experiments on eight sentiment analysis datasets including five
large-scale Amazon review datasets and three Twitter datasets
containing more than one million user tweets.

In the experiments, the proposed model is compared with
six state-of-the-art DNN-based text classification and sentiment
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analysis methods. On both long reviews and short tweets, the
proposed model outperformed other six methods in terms of
common performance measures in sentiment analysis and NLP
domains. Our main contributions are the following:

e Building a new deep architecture for sentiment analysis.

e Evaluating our model on two types of social media texts:
long reviews and short tweets.

e Comparing the performance of the proposed model with six
recent deep architectures for text classification and senti-
ment analysis.

The remainder of this article is organized as follows: Section 2
proposes a short literature review of neural models for sentiment
analysis and text classification; Section 3 presents the theoretical
background of the proposed neural model; Section 4 describes the
proposed model in detail; experiments and results are presented
in Section 5; finally, Section 6 concludes the paper and offers
some directions for future research.

2. Related work
2.1. Sentiment analysis

Most traditional sentiment analysis research works used su-
pervised machine learning methods as their core classification or
clustering module [19]. These methods usually exploited bag-of-
words (BOW) model and n-gram features to present and classify
user generated sentiment-bearing texts [20]. These features are
proposed to address the problems of simple BOW model includ-
ing ignoring word order and syntactic structures [21]. The main
drawback of using n-gram features, specially when n >= 3, is the
resulted high dimensional feature space. To address this problem,
feature selection methods have been extensively exploited in
recent studies [22,23].

Among different classification methods used for detecting
users’ sentiment from their text, SVM, LDA, Naive Bayes, and
artificial neural networks are more common and achieved higher
performance [24-26]. The main problems of these supervised
methods are that they need a large amount of training data
and are usually slow. To address these problems, unsupervised
lexicon-based methods were proposed [20,27]. These methods
are simple, fast, and scalable. However, they heavily rely on
the lexicon, making them less accurate than their supervised
counterparts [27,28]. Domain dependency is another problem
of lexicon-based methods which make them less applicable for
domains that do not have specific lexicons.

To benefit from the advantages of both supervised and lexicon-
based methods, few researchers combined them in different
ways [29,30]. For example, Zhang et al. [31] proposed a two-step
method for entity-level sentiment analysis of tweets in which the
first step is a lexicon-based method with high precision and the
second step is a supervised method with high recall. Mudians
et al. [32] have also proposed a hybrid of lexicon-based and
machine learning methods for concept-based sentiment anal-
ysis. Their method outperformed pure lexicon-based methods
in both polarity and sentiment strength detection, and offered
more accurate explanation and justification compared to purely
statistical methods. Recently, Ghiassi and Lee [33] proposed a
new hybrid method by identifying and reducing the size of a
Twitter specific lexicon set and then, feeding it to a supervised
method for sentiment classification. Finally, Chikersal et al. [34]
proposed a hybrid of machine learning and lexicon-based meth-
ods for sentiment polarity. They showed that the hybrid method
outperformed both the statistics- and lexicon-based method in
classifying user reviews.
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Summary of DDN models selected for comparison with our model (ABCDM).

Research RNN CNN Attention Multi channel Dataset type Num of datasets
SS-BED [16] v tweet 1
HAN [35] v v review 4
ARC [36] v v v tweet + review 2
CRNN [37] v v review 3
IWV [18] v review 5
AC-BiLSTM [17] v v v review 7
ABCDM (This study) v v v v tweet + review 8

2.2. Deep models for sentiment analysis

In the field of sentiment analysis, most of recent DNN-based
studies has been oriented towards learning word embedding or
exploiting different kinds of DNNs for classification or clustering
tasks. Word embeddings are created to capture word similarities
and their lexical relationships [38]. To create such embeddings,
unsupervised methods are usually used. These methods are based
on the fact that the words in similar contexts have similar mean-
ings, hence, should have similar vectors. The main drawback of
this assumption is that the vector of some semantically different
words that usually co-occur in a small neighborhood are similar.
For example, sentiment-bearing words with opposite meaning
such as good and bad may have similar vectors because they
usually appear in similar context. To address this problem, few
researchers proposed sentiment-aware word vectors. These vec-
tors are created based on large sentiment lexicons and super-
vised methods [7,39-41]. Dragoni and Petrucci [42] proposed a
new neural word embedding method for multi-domain senti-
ment analysis. They addressed the main shortcomings of previous
methods which did not yield good performance when employed
in different domain from the one they were trained on. Their new
method performed better by obtained higher performance.

Due to their ability to model long-term dependencies, LSTM
and its variants are used extensively in sentiment analysis appli-
cations [43]. For example, Ju et al. proposed cached LSTM to learn
local and global semantic features in a long text [44]. Lu et al. pro-
posed p-LSTM in which three-words embedding is used instead of
one-word embedding. Phrase embedding layer and LSTM are used
in p-LSTM for sentiment classification tasks [45]. Recently, Chat-
terjee et al. [16], proposed a multichannel LSTM model named
SS-BED for emotion detection in tweets. In their model, GloVe [8]
and Sentiment Specific Word Embedding (SSWE) [46] are used in
parallel as pre-trained word embedding, then for each path, three
LSTM modules are applied sequentially to model long dependen-
cies in text. Finally, two resulted feature vectors are concate-
nated to form the input to the fully connected layer. Other vari-
ants of LSTM used for sentiment analysis include TD-LSTM [47],
SLSTM [48], cBLSTM [49], Tree-LSTM [50], and Sentic LSTM [51].

Recently, the attention mechanism is used to improve DNNs
by letting them know where to focus for learning. For example,
Zhou et al. [52] proposed a bidirectional LSTM with attention
mechanism to select the important features. Yang et al. [35],
proposed a new attention-based network named hierarchical at-
tention networks (HAN) for text classification. In their model,
they employed two attention modules in word and sentence
levels, respectively. They stacked the attention modules on the
outputs of GRU-based sequence encoders. Recently, He et al. [53]
used two transfer methods besides the attention-based LSTM for
document-level sentiment analysis. They also proposed a target-
aware and a syntax-based attention mechanism for aspect-level
sentiment analysis [54].

CNNs are used in sentiment analysis applications as local
feature extractors. In other words, these models are useful when,
in a long text, certain local patterns such as n-grams are of
importance. For example, Johnson and Zhang [55], used the BOW
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model in convolution layer and proposed a new model named
Seq-CNN to keep words’ information. Kalchbrenner et al. [56] pro-
posed a dynamic CNN method named DCNN, for sentence-level
sentiment analysis. Dynamic K-Max pooling is used in the DCNN
to capture word relations. Recently, Rezaeinia et al. proposed a
CNN-based model that exploited improved word embedding for
sentiment analysis in document level [18]. In their model, they
improved pre-trained Word2Vec [57] and GloVe [8] embedding
with lexical, positional, and syntactical features. Then, applied
three different CNN modules sequentially to select important
features from text. Other variants of CNN used for sentiment anal-
ysis applications include charCNN [58], CNN-rand, CNN-static,
CNN-multichannel [59], CNN-LSTM [37], Ada-CNN [60], and many
more.

Few researchers proposed hybrid DNNs for sentiment anal-
ysis [61]. For example, Wang et al. [37] proposed combination
of CNN and RNN for sentiment analysis of short texts. They
tried different combinations of CNN with LSTM and GRU modules
on three different datasets of short texts. Recently, Wen and
Li [36], proposed a combination of GRU and CNN with attention
mechanism named ARC to classify tweets and reviews. They
used bidirectional GRU units and three different CNN modules
to extract local n-gram and global features. More recently, Liu
and Guo [17] proposed a combination of bidirectional LSTM and
CNN networks with attention mechanism named AC-BiLSTM for
sentiment analysis and question answering. In AC-BiLSTM, CNN is
first applied on the word embedding layer, then BiLSTM is used to
extract long dependencies. Finally, attention mechanism is used
to focus on important areas of the text.

In addition to the above-mentioned methods, several authors
proposed deep models for general text classification which can
also be used for sentiment analysis. Minaee et al. [62] reviewed
150 deep learning methods for text classification and they dis-
cussed more than 40 well-known datasets used in text clas-
sification task. In another research, Liu et al. [63] proposed a
pre-training model called RoBERTa, a modified version of BERT,
which uses both training data size and key hyper-parameters. Lan
et al. [64] introduced two new parameter reduction approaches to
increase the training speed and at the same time to reduce mem-
ory requirement of BERT. The new techniques named ALBERT
and BERT-large obtained results similar to the new state-of-the-
art methods (RACE, GLUE, and SQuAD). Attention mechanisms
are very popular approaches as they have low training time and
use parallel computation. Shen et al. [65] proposed a new model
for learning sentence embedding called DiSAN (Directional Self-
Attention Network). Their proposed method does not use any
CNN/RNN structure and yielded good results for many datasets.

In the current study, we compared the proposed method
with six similar DNN models, namely CRNN [37], IWV [18], SS-
BED [16], HAN [35], ARC [36], and AC-BiLSTM [17]. The first two
models are CNN-based, the SS-BED is a LSTM-based model, and
last three ones are hybrid models with attention mechanism.
Table 1 summarizes these DNN models. The main differences
between these models and our proposed ABCDM model is that
our model considers the following important features simultane-
ously: considering both long and short contextual dependencies



M.E. Basiri, S. Nemati, M. Abdar et al.

LSTM Cell

Future Generation Computer Systems 115 (2021) 279-294

he
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Fig. 1. Comparison of RNN units (a) LSTM and (b) GRU.

attention

Fig. 2. The attention mechanism in a bidirectional network.
Source: Adopted from [66].

using bidirectional GRU and LSTM, selecting most important
features robust to positional changes using CNNs with different
filter size, kernels, and pooling mechanism, and paying different
attentions to different parts of comments.

3. Preliminaries

In this section, a brief overview of basic building blocks of
ABCDM is presented. Specifically, LSTM, GRU and Bidirectional
LSTM networks are described in Section 3.1, then attention mech-
anism and CNN are presented in Sections 3.2 and 3.3, respectively.

3.1. Long short-term memory

LSTM is a special type of RNN which is designed to handle the
vanishing/exploding problem faced by RNNs. LSTMs, like other
types of RNNs, generate their output based on the input from
the current time-step and the output of the previous time-step
and send the current output to the next time-step. Every LSTM
unit consists of a memory cell ¢;, which preserves its state over
arbitrary time intervals and three non-linear gates including an
input gate i, a forget gate f;, an output gate o;. These gates are
designed to regulate information flow into and out of the memory
cell (see Fig. 1(a)) [17].

Suppose o(.), tanh(.), and ©® are the element-wise sigmoid
function, hyperbolic tangent function, and product, respectively.
x; and h; are the input vector and the hidden state vector at time
t. U and W show the weight matrices of gates or cell for input x;
and hidden state h, and b, denote the bias vectors. The forget gate
decides what information needs to be forgotten by outputting a
number in [0, 1] according to the following equation [17].

f[ :O'(th[_l +fot+bf) (1)
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The input gate decides what new information should be stored
by computing i; and ¢; and combining them according to the
following equations.

ii =o(Wih(_; + Uix; + b;) (2)
¢, =tanh(W:h,_; + Ucx; + b.) (3)
¢=foc1+i:0¢ (4)

The output gate decides which parts of the cell state should be
outputted according to the following equations.

O = G(Woht—l + UoXx; + bo)
h; = o; ® tanh(c;)

(5)
(6)

To capture the future context ﬂ addition to the (Breceding
context, BILSTM combines forward h ; and backward h  hidden
layers. This results in the temporal information flow in both
directions and better learning in the network.

A GRU is simpler variant of LSTM that has two gates, an
update gate r that combines forget and input gates, and a reset

gate z [13]. Similar to LSTM, the update and reset are computed
as [67]:

re = 6(W;he_1 + U;x; + by)
= (S(thtfl +Uzx: + bz)

(7)
(8)

where §(.) is the logistic sigmoid function and W, U, and b are
as before. The reset gate decides when the previous hidden state
should be ignored and the update gate decides the amount of
information that should be passed to the current state [67]. The
hidden state is computed as:

h: =(1-2z)0h4 +zt®ﬁt
h, = tanh(W;, (h_; © 1) + Up, X;)

(9)
(10)

3.2. Attention model

Attention models are used to assign different weights to words
contributing differently to the sentiment of a text. A common way
of assigning different weights to different words in a sentence is
to use a weighted combination (see Fig. 2) of all hidden states,
Say as follows.

_exp(vT- h)
> exp(v- h)

SAW = Zd[h[
t

where h and h are defined as shown in Egs. (9) and (10) and v is
a trainable parameter [66].

(11)

o

(12)
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[N M=fmomy,..,msa]
h=2 L= ||
/
h=2 — | | b=max{mi}
h=3 | L
Sentence matrix (sxd) pooled representation

h=3 L

Filters o

Covolutional feature maps

Fig. 3. CNN for feature extraction. The input is a sequence of d-dimension word
embeddings (e = 4), two filters for h = 2 and two filters for h = 3 are applied
the embeddings and four feature maps are generated. The max-pooling is used
to generate a pooled vector of size 4.

Source: Adopted from [68].

3.3. Convolutional neural network

CNNs consist of several convolution layers and are used in the
NLP applications for local feature extraction. In these networks,
convolution operation is performed on the input features via
linear filters. To apply a CNN on a sentence S with s words, first,
an embedding vector of size e is created. Then, a filter F of size
ex h is repeatedly applied to the sub-matrices of the input feature

matrix. This, produces a feature map M = [mg, mq, ..., ms_] as
follows [68]:

m; =F-Siipn (13)
where,i =0, 1,...,s—handS;; is a sub-matrix of S from row i to

j. it is a common practice to reduce the dimension of feature maps
by feeding them to a pooling or sub-sample layer. Max-pooling
is a common pooling strategy which select the most important
feature b of the feature map as follows:

b= max {m;} (14)

0<i<s—h
The outputs of pooling layer are concatenated and form a pooled
feature vector which may then be used as the input of a fully
connected network (see Fig. 3).

4. Proposed system

To address the limitations of the existing deep architectures
for sentiment analysis, the current study proposes a new deep
model, ABCDM, for polarity detection of both short and long user
comments. In ABCDM, GloVe word embedding, bidirectional GRU,
bidirectional LSTM, attention mechanism, and CNN are used to
better capture both long-term dependencies and local features.

To generate the input comment matrix, a pre-trained GloVe
embedding matrix W; € R"™¢® with n and e being the total
number of words and embedding dimension, is used to embed
a comment vector ¢ € R™ with m being the padding length or
maximum number of words w;,t € [1, m] considered in the
comment as follows.

(15)

Then, two parallel layers of Bi-LSTM and Bi-GRU are applied
on the output of embedding layer to process the sequences of
arbitrary length and extract long dependencies in both forward

¢ = Wewy, t € [1,m]
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and backward directions. We employed both GRU and LSTM to
make the proposed model capable of remembering both short
and longer sequences.

— e—

h tistm = LSTM(C{), t e [1, m] (]6)
<~ P —

h ., =LSTM(c;), t € [m, 1] (17)
— —

h ., =GRU(c), t € [1,m] (18)
<~ <«—

h .., =GRU(c), t € [m, 1] (19)

For each word, w; we can now obtain an annotation by concate-
nating forward and backward contexts as follows:

s —
hyy = [hggy,, hgg,l

— <«
hiy = [y gyl (21)

The attention mechanism is applied on hy,, and hy,, to
make the model capable of paying more or less attention to
different words in the comment. To achieve this, we modified the
feature vector by extracting informative words in the comment as
follows:

(20)

Wigm = tanh(WwLSTM hfLSTM + bwLSTM) (22)
Uiy = tanh(Wigp g, + by, ) (23)
eXPU] tuyery)
sy = Lng - (24)
Zt exp(qus'[M quSTM )
exp(u] Wy )
Qrry = CRTU = (25)
Z[ exp(utGRU uwGRU )
SistM = Z Oty gy hfLSTM (26)
t
SGrRU = ZatGRU htCRU (27)
t

where u; is a hidden representation of h; and u,, is a context
vector which is randomly initialized and jointly learned in the
training phase. The importance of a word u, is calculated us-
ing the similarity of u; with u, and is normalized as shown
in Egs. (24) and (25). These importance weights «; are finally
aggregated into s by applying a weighted sum on them. s is the
comment vector and summarizes all the information of words in
the comment.

After obtaining the final comment representation s, convo-
lution operation is used to extract informative local features
and decrease the dimensionality of the input data. Moreover,
convolution enables the model to acquire position invariance.
In ABCDM, two parallel convolution layers with different kernel
size for each branch (i.e., the Bi-LSTM and Bi-GRU branches) is
employed independently. In this layer, convolution is conducted
in one dimension. Specifically, according to Eq. (13), two 1D-CNN
with fixed number of filters and different window size are applied
to the comment representation (i.e., the outputs of Bi-LSTM and
Bi-GRU units) independently.

At this point, we have four outputs from the CNN layer, be-
cause two independent CNNs were applied to the outputs of
Bi-LSTM and Bi-GRU layers. Now, maximum and average pooling
layers are stacked independently on the outputs of CNNs to down
sample their feature maps. This makes the resulting feature maps
more robust to the positional changes of features. If we consider
the number of filters f in the CNN layer, the final feature vector Lc
for each pooling operation is L¢; = [Icy, Ica, ..., Icr], i € [1, 8]. We
obtained 8 local feature maps because for each CNN, maximum
and average pooling are applied independently.
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These feature vectors are concatenated to form the final doc-
ument vector. Thus, we have Lc [Lcy, Lea, . .., Leg]. Having
obtained the Lc vector, we applied batch normalization, to ac-
celerate the network training and reduce overfitting [69]. For
predicting comments’ sentiment polarity, a fully connected dense
layer is used to transform the Lc vector into a high-level sen-
timent representation. The output of this layer is calculated as
follows.

hy = Relu(W;h, + by) (28)

where h, is the hidden representation obtained from applying
batch normalization on the concatenation of pooling layers, and
W, and by are parameters learned in the training process. Finally,
the output of the dense layer is fed to an output layer with
sigmoid function for binary classification. The pseudo-code of
ABCDM is shown in Algorithm 1.

Algorithm 1: Pseudo-code of ABCDM.

Data: Comment matrix C € R"*P and the pre-trained GloVe
embedding matrix W, € RV!**where n is the number
of comments, p is the sequence padding length, V is
the vocabulary and e is the embedding dimension.

Result: Comments’ polarity vector

P={p;€{0,1}:i€[1,n]}

1 begin

2 Construct the word embedding matrix C, € R™*P*¢ using
W, according to Eq. (15)

3 branches = {Bi-LSTM, Bi-GRU}

4 for br € branches do

5 Apply br on C, to obtain both future and preceding

contexts 7%, (Efbr using Eqgs. (16) to (19).

6 Construct hp, using Egs. (20) and (21), respectively.

7 Construct uy,, using Eqs. (22) and (23), respectively.

8 num = exp(u{bruwbr)

9 sum <— 0

10 fort € [1,m] do

1 \ sum <— sum + exp(uy, Wy, )

12 end

13 oy, = S s <— 0

14 fort € [1, m] do

15 ‘ Spr <— Spr + ((thrhtl,r)

16 end

17 Pooling = {GlobalMax1D, GlobalAvg 1D}

18 Lc <— 0

19 for f € FilterSize do

20 i«<—0

21 LCFilterSize P

22 while i # NoOfFilters do

23 Ic; <— 1D-CNN(syy, FilterSize)

24 Append(Lcfiersize | |c)

25 i<«—i+1

26 end

27 for p € Pooling do

28 | Append(Lc, Apply(p, Lcjtersi¢))

29 end

30 end

31 end

32 Apply(Lc, batchnormalization)

33 Construct hy using Eq. (28).

34 Feed hy into a sigmoid function for binary classification.

35 Update parameters of the model using the binary
cross-entropy loss function with the Adam method.

36 end
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Although there are few similar studies in the literature [70,71]
that proposed the combination of CNN and LSTM, they have dif-
ferences with our ABCDM model and them. For example, in [70],
several parallel CNN layers are applied on the outputs of the em-
bedding layer to extract n-grams features. These features are then
used as the inputs to the RNN layer. There are several differences
between this work and ours. First, their model was proposed for
multi-label text classification while ours is proposed for single-
label multi-class classification. Second, their model does not have
any attention layer while ours employed an attention layer to pay
more or less attention to different words in a comment. Third,
their model uses original RNN while we employed bidirectional
LSTM and GRU layers to consider both forward and backward
context in the sentence. In another example is [71] have proposed
an ensemble method to combine CNN and BiLSTM. Similar to
our model their model used a bidirectional LSTM to extract both
forward and backward context. However, their model used CNN
and BiLSTM in parallel and used average probability scores of
these models as final predictions. Our model, in contrast, concate-
nated the features extracted from bidirectional layers and then
applied to the CNN to capture the local information. Moreover, we
employed an attention layer to assign various weights to different
words in the comment according to their importance.

5. Experiments and results
5.1. Experimental setup

5.1.1. Datasets

In the current study, ABCDM is evaluated on long review and
short Twitter datasets for sentiment analysis using the following
datasets.

e App: Apps for Android dataset [72]. This dataset contains
752,937 product reviews and metadata from Amazon.
Kindle: Kindle Store dataset [72]. It contains 982,619 prod-
uct reviews and metadata from Amazon.

Movies: Movies and TV dataset [73]. It contains 1,697,533
product reviews and metadata from Amazon.

Electronics: Electronics dataset [72]. This dataset contains
1,689,188 product reviews and metadata from Amazon.
CDs: CDs and Vinyl dataset [72]. It contains 1,097,592 prod-
uct reviews and metadata from Amazon.

Airline Twitter: Airline Twitter Sentiment dataset [74]. It
contains 14,641 tweets about the problems of each major
U.S. airline. It was scraped from February of 2015.
Sentiment140: Sentiment140 dataset was created by com-
puter science graduate students at Stanford University [75].
It is a balanced dataset contains 1,600,000 tweets automat-
ically categorized into negative and positive classes.

T4SA: Twitter for Sentiment Analysis dataset [76] that con-
tains the sentiment classification of 1,179,957 selected twe-
ets from the multimodal T4SA dataset.

The statistics of the above-mentioned datasets are described in
more details in Table 2 and Figs. 5 and 5(b).

5.1.2. Parameter settings

ABCDM and the other baseline models are implemented using
the Keras library which is a high-level neural networks API,
written in Python. To construct the input comment matrix C,
100,000 words are considered in the Tokenizer method and com-
mon preprocessing steps are applied to the datasets during the
tokenization process. As shown in Figs. 5 and 5(b), we considered
the 100 and 45 first words of comments in the review and tweet
datasets by setting the padding size to 100 and 45, respectively.
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Fig. 4. Proposed architecture of ABCDM.

Table 2
Details of the datasets used in this study.
Type Unbalanced Balanced
Dataset Total 5-star 4-star 3-star 2-star 1-star Positive Negative
App 752937 386637 158081 85121 44385 78713 123098 123098
Kindle 982619 575264 254013 96194 34130 23018 57148 57148
Review Movies 1697533 906608 382994 201302 102410 104219 206629 206629
Electronics 1689188 1009026 347041 142257 82139 108725 190864 190864
CDs 1097592 656676 246326 101824 46571 46195 92766 92766
Airline Twitter 14641 - - - - - 2363 2363

Tweet Sentiment140 1600000 - -
T4SA 1179957 - -

- - - 800000 800000
- - - 179050 179050

Publicly available pre-trained GloVe word vectors are used
as the weights in the embedding layer. The “Wikipedia 2014 +
Gigaword 5” version of GloVe [8] that contains 6 billion tokens
with vocabulary size of 400000 is used in the current study. The
embedding size of 100 is considered in the embedding layer.
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Bidirectional CuDNNGRU and CuDNNLSTM, each with 128
memory units are used in the sequential layer. In the convo-
lutional layer, 32 filters with kernel size of 4 and 6 are used
as shown in Fig. 4. The size of the dense fully connected layer
is 64 and the sigmoid activation function is used as the binary
classifier.
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Parameter settings.
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BiLSTM Memory Units CNN Filters CNN Kernel Size Dense Size Avg. Accuracy

64 16 5,7 128 0.890

64 32 4,6 32 0.859

64 64 3,5 128 0.882

128 16 3,5 128 0.892

128 32 4,6 64 0.905

128 64 4,6 32 0.893

256 16 3,5 32 0.879

256 32 5,7 64 0.887

256 64 4,6 32 0.881

The training batch size for is set as 512 and the dropout Table 4 _ .
rate is 0.2. The Adam stochastic optimizer with the learning and ~ Comparison of the results obtained on the Kindle dataset.
decay rate of 1073 and 107! are used to train the network using Method Class  Recall Precision  F1 Accuracy
the back-propagation algorithm. Binary cross-entropy is used as SS-BED Pos 0.8308 0.9461 0.8827 0.8910
the loss function and accuracy metric is calculated to detect the Neg 0.9514 08521 08979
convergence. To prevent overfitting, 5-fold cross validation and HAN E‘:g g'g;gz g'gzig g‘g%i 0.9075
early stopping with monitoring validation loss in max mode with > 0'8718 0'9422 0'9054
patience of 3 is used in the training process. ARC N‘ng 09463 08811 0914 09091
To obtain reasonable values for number of BiLSTM memory Pos 0.8833 0.9424 09116

units, number of CNN filters, kernel size, and neurons in the CRNN Neg 0.9457 0.8908 09172 09145
dense layer, we performed grid search technique on three values Pos 0.8779 0.9354 0.9046
with each having four parameters as shown in Table 3. In this wv Neg 0.9380 0.8870 09109 09080
table for three tested values of BiLSTM memory units and three ACBILSTM Pos 0.8553 0.9555 0.9018 09074
values of CNN filters, the best values of CNN kernel size and Neg 0.9595 0.8705 0.9122 :
dense layer from their three tested values and corresponding ABCDM Pos 0.9088 0.9570 0.9322 0.9340
average accuracy using all 8 datasets as shown. Other values of Neg 0.9591 0.9134 0.9356 i

CNN Kernel Size and Dense layer size and their combination with
BiLSTM Memory Units and three values of CNN filters are not
shown due to space limitation.

5.1.3. Evaluation criteria

Five evaluation criteria namely Precision (Pr), Recall (Re), F1-
measure (F1), and Accuracy (Acc) are used to assess the perfor-
mance of the models. These criteria are extensively used in text
classification and sentiment analysis tasks [20,77]. These criteria
are calculated as follows:

TP

Pr=5,

_IP
TP+FN°

Re =
1_2><Pr><Re
~ Pr+Re

TP+IN
TP-+FP+IN+FN °

’

Acc =

where TP, TN, FP, and FN are true positive, true negative, false
positive, and false negative, respectively [20].

5.2. Baseline methods

This study, benchmarks the following six similar DNN models
developed for sentiment polarity classification, as they achieved
good results. This six DNN models are given below:

e CRNN [37]: In this model, each sentence is considered as a
region and a regional CNN is applied to the input word vec-
tors. Then, max pooling is used to reduce the dimensionality
of the local features. Finally, an LSTM layer is used to capture
long dependencies and a linear decoder is used to predict
continuous valence and arousal scores.

IWV [18]: This model consists of three convolution layers, a
max pooling layer and a fully connected layer designed for
sentiment polarity classification.
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SS-BED [16]: This model applies two parallel LSTM layers on
two different word embedding matrices to learn semantic
and sentiment feature representations. The output of the
LSTM layers are then fed into a fully connected network
with one hidden layer to predict emotion categories.
HAN [35]: This model consists of four main parts: word
sequence encoder which is a bidirectional GRU, a word-
level attention layer which is used to form a weighted
sentence vector, a sentence encoder which is another bidi-
rectional GRU, and a sentence-level attention layer that
rewards sentences correctly classify a document.

e ARC [36]: In this model, a one-layer bidirectional GRU is
applied on the word vectors and the results are fed into
an attention layer. The output of the attention mechanism
is then fed into a CNN layer followed by a max-over time
pooling operation, and a fully connected layer.

e AC-BILSTM [17]: This model starts with a one dimension

CNN layer with different filter sizes that is used for local

feature extraction. The output of the CNN layer is fed into

a bidirectional LSTM network which is followed by an at-

tention mechanism. The output layer in this model consists

of a dropout layer and a softmax layer.

5.3. Results

In this section, baseline comparisons are provided. Firstly,
ABCDM is compared with six above-mentioned neural methods
for sentiment analysis with long reviews. Secondly, a similar com-
parison is presented with short tweets. Finally, the performance
of ABCDM is compared with a stacking method that aggregated
the results obtained by all algorithms described in Table 1.

5.3.1. Analysis of the results on long reviews
The results obtained on five long review datasets are shown
in Tables 4-8.
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Fig. 5. Comparison of word count distributions of 5 review datasets (a) before and (b) after padding review length to 100 words.
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Fig. 6. Comparison of word count distributions for 3 tweet datasets before padding review length to 45 words.

ABCDM achieved accuracy improvements as much as 1.95%,
1.85%, 3.0%, 2.61%, and 3.63% on Kindle, App, Movie, Electronics,
and CD datasets as shown in Tables 4-8. For the F1 measure, these
improvements for the positive class are 2.06%, 1.70%, 3.52%, 2.93%,
and 4.39% and for the negative class are 1.84%, 1.48%, 2.58%,
2.33%, and 3.04%. It can be noted that our ABCDM outperformed
the other six models in terms of both accuracy and F1 measures.
These improvements are mainly benefited from (1) considering
long dependencies existing in text using bidirectional LSTM and
GRU layers, (2) using varying length local features by applying
different sized CNN layers, and (3) assigning different weights
to different words in the review according to their importance
achieved by the attention layer. In order to better interpret the
predictions of models, we plotted the Receiver Operating Char-
acteristic (ROC) curves of the models in Fig. 7. ROC curve is used
when the classes are balanced which is the case in our study.
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This helps to compare the models using different thresholds.
Moreover, the Area Under the Curve (AUC) is compared to evalu-
ate the performance of the model. A notable point in the results
is that the performance improvement of ABCDM is lower for the
Kindle and App datasets. This may be due to the average length
of the reviews in these datasets. As shown in Fig. 5, the Kindle
and App datasets have shorter reviews in average. As described
in Algorithm 1, ABCDM applied two RNN-based layers on the
embedding matrices to extract long-dependencies in text. Such
long dependencies are more evident in longer reviews and this
can justify the better performance of ABCDM on longer reviews.

Another point in the results is that the improvements for the
positive class are higher in comparison to those for the negative
class. This may be the result of the fact that local relations such
as negations and comparisons are more prevalent in the negative
reviews in comparison to the positive reviews and capturing such
semantically negative relations is more difficult than positive
relations.
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Table 5 Table 8

Comparison of the results obtained on the App dataset. Comparison of the results obtained on the CD dataset.

Method Class Recall Precision F1 Accuracy Method Class Recall Precision F1 Accuracy
A A R T
T o AL U TR s B o e
ARC Nee  0om0  omps  oses 0901 A New 0913 0799 ossas OO
RN Nee  oow6  omsos  osom 0900 CRNN New 0913  ososd  ossss 0%
CO < B A O R v
RETEVIN R O B BN TE VI N B Rt
R T R A
Table 6 Table 9

Comparison of the results obtained on the Movie dataset. Comparison of the results obtained on the Airline Twitter dataset.

Method Class Recall Precision F1 Accuracy Method Class Recall Precision F1 Accuracy
T e T T CE
TR A S " N O v B e S o Y
ARC Nee  oos1  osde s 0 A New 0770 o000 osoro 09229
RN N  oovo  omis sy 086 CRNN New o724 osa4  oson 0900
OB A L TR /G N T O SO S s T
RETEVI AN S = B I A I
mou [ SE Ml s wow [ 0EM N 1 e
Table 7 Table 10

Comparison of the results obtained on the Electronics dataset. Comparison of the results obtained on the Sentiment140 dataset.

Method Class Recall Precision F1 Accuracy Method Class Recall Precision F1 Accuracy
T R T T e
T o A - BB R U T S s S /A R
ARC Nee  oolsd  omws  osse 08 A New  osee 085 o757 0773
B N S NN v B OO S B s S S
W mRomm o ome g fm o 0 DER R g
o [ OO OTR OGS agacmew [n 0T 07E gy
R A e R Vi R R

As an example consider the following two sentences. “I feel
the foods in the restaurant are quite good” and “I don't feel the
foods in the restaurant are good”. In the first sentence, there is no
distance between the word “quite” which is an intensifier and the
word “good” which has a positive sense. However, in the second
sentence, there is a 7-words distance between the word “don’t”
as a negation word and the word “good” as the sentiment-bearing
word of the sentence. Such long distances between the sentiment
polarity changer words in negative reviews may decrease the
performance of the model.
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5.3.2. Analysis of the results on short tweets

The results obtained on three short tweet datasets are shown
in Tables 9-11 and Fig. 8. ABCDM achieved accuracy improve-
ments as much as 0.46%, 0.25%, and 0.54%, on Airline Twitter,
Sentiment140, and T4SA datasets as shown in Tables 9-11. For
the F1 measure, these improvements for the positive class are
0.27%, 0.43%, and 0.28% and 2.39%, 0.61%, and 0.28% for the
negative classes using the same three datasets.

From the results, it can be noted that ABCDM outperformed
the other six models in terms of both accuracy and F1 measures
with Twitter datasets. However, the amount of improvements is
less than using the review datasets.
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Fig. 7. Comparison of the results obtained using our proposed model on: (a) Kindle, (b) Apps, (c) Electronics, (d) Movies, and (e) CDs datasets.
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Fig. 8. Comparison of results obtained using our proposed model on: (a) Airline, (b) Sentiment140, and (c) T4SA datasets.

The key reason for this is Twitter datasets contains small
number of words as shown in Fig. 6. As mentioned in the previous
section, ABCDM does not yield significant improvement using
short comments, because the first feature extraction layer in this
model is an RNN-based network which is designed to capture
long dependencies.

The rationale behind the higher improvement for positive re-
views as compared to the negative ones does not hold, because as
shown in Fig. 6, every tweet contains about 15 words in average
which may be more than one sentences. This, results in having
very short sentences in which there is not long distances between
negation and other sentiment polarity changers. Therefore, there
is no much differences between the structure of positive and
negative tweets.

To show the performance of the proposed ABCDM model on
positive and negative classes, we have shown the obtained true
positive (TP), false positive (FP), true negative (TN), false negative
(FN) for all eight datasets in Table 12.
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To understand the significant differences between the pro-
posed ABCDM and other six methods, we performed a Nemenyi
post-hoc statistical test [78]. The results of 8 datasets is shown in
Fig. 9. In this figure, the critical difference (CD) is shown on the
top and the average ranks of the methods based on their accuracy
is shown in the axis. The best performing algorithm is shown on
the left side of the figure. A black horizontal line connects the
methods that has no significant difference. As shown in Fig. 9,
the proposed ABCDM method has significant difference as it has
not connected with other methods.

5.4. Improving ABCDM through stack generalization

Stacked generalization is an ensemble method that trains a
new model (level-1 model or meta-learner) to aggregate the
outputs of models (level-0 models or base learners) which are al-
ready trained on the dataset [79]. Unlike simple ensemble meth-
ods such as voting, averaging, and weighted averaging, stack
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Fig. 9. The critical difference (CD) of the Nemenyi statistical test for comparing the mean-ranking of methods based on their accuracy on 8 datasets.

Table 11

Comparison of the results obtained on the T4SA dataset.
Method Class Recall Precision F1 Accuracy
T
HAN New  o0o%62 o4 oo 0%
e New  oomss 0909 oose0 09570
o New 0o 098 ooser 097
" Ne 0o ooia  ooee 0%
ACBISIM L Gosss  ooate  oooss 0%
ACOM 0 gaoos  oomwo  ooss %%

Table 12

The obtained true positive (TP), false positive (FP), true negative (TN), false
negative (FN) of the ABCDM method on the eight datasets.

Dataset TP FP N FN
Kindle 51936 2332 54816 5212
APP 110111 6266 116832 12987
Movies 181854 14278 192350 24774
Electronics 166071 10898 179966 24793
CcD 162654 14926 175938 28209
Airline Twitter 2262 242 2121 101
Sentiment140 721520 210800 589200 78479
T4SA 169489 1647 177403 9561

generalization conditionally assign different weights to the in-
puts [80]. In the current study, the algorithm used for stack
generalization is shown in Algorithm 2. In the current study, we
considered the set of neural models shown in Table 1 as the
algorithms and logistic regression as the level-1 meta learner. It is
necessary for the level-0 learners to be accurate and diverse [79].
In the current study, we have the first condition for the level-
0 models to have significantly lower classification error than
random classifier. Due to their different structures, our level-0
models are also expected to be diverse, making errors at various
instances. The results of applying stack generalization on our
model is shown in Fig. 10.

As shown in Fig. 10, the stacked model outperformed the
original ABCDM in all cases. This, besides the superiority of our
ABCDM over other level-0 models, validates our hypothesis about
the diversity of the models. A notable point is that in terms of
accuracy and F1 measures, the improvement is significant while
in terms of the AUC, the stacked model is slightly better or equal
to the original ABCDM. This may be due to the higher AUCs for
level-0 models as compared to their accuracy and F1 measures.

6. Conclusion

Nowadays, deep learning models in general and RNN and CNN
models in specific have been widely used in the field of sentiment

Algorithm 2: Pseudo-code for the stack generalization

algorithm.
Data: Training dataset
D = {(x1,¥1), (x2,¥2), - - -, (X, YN)}
Level-0 learning algorithms £q, ---, Ly
Level-1 learning algorithms £
Test dataset X’ = {x}, X}, -- -, X7}
Result: Prediction vector V' = {y), 5, -, ¥}

1 begin

2 Randomly split D into I almost equal folds: Dy, - -+, D;

3 D=g

4 fori=1,---,1do

5 D i=D—D;

6 h=o

7 form=1,---,Mdo

8 | hm = Ln(D7)

9 end

10 z=9

11 fork=1,.--,|D!| do

12 d=o

13 form=1,---,Mdo

14 ‘ dm = hn(D}[x])

15 end

16 z = (d, D, [y])

17 end

18 D=D Uz

19 end

20 h = (D)

21 V=0

22 fork=1,---,T do

23 z=9

24 form=1,---,Mdo

25 | Zm = Lm(x)

26 end

27 Vi=HW(z)

28 end

29 return )’

30 end

analysis These existing models have some drawbacks and the
classification accuracy can be improved. In this study, a novel
Attention-based Bidirectional CNN-RNN Deep Model (ABCDM) is
proposed for sentiment analysis. ABCDM exploits publicly avail-
able pre-trained GloVe word embedding vectors as the initial
weights of the embedding layer. On top of the embedding layer,
two bidirectional LSTM and GRU networks are used to extract
both past and future contexts as semantic representations of
the input text. In order to pay more or less emphasis on dif-
ferent words in a comment, an attention layer is applied to the
outputs of LSTM and GRU branches. This makes the semantic
representations more informative.



M.E. Basiri, S. Nemati, M. Abdar et al.

099
0.98
0.97
0.96
095
0.94
093
092
091
09 oy
Recall Precision F1-Measure Accuracy AUC
[ABCDM 093395 0.9352 0.9339 0934 0.9831
mStacked 0.94005 0.9404 0.94005 0.9401 0.9835
B ABCDM ® Stacked
(a)
0.98
0.96
0.94
092
09
0.88
0.86 e
Recall Precision F1-Measure Accuracy AucC
[@ABCDM 0.90645 0.9089 0.9063 0.9065 0972
W Stacked 0.91455 0.9149 0.9145 0.9145 0972
BABCDM ®Stacked
(c)
098
0.96 —
0.94
092
0.9
0.88
0.86
0.84 =
Recall Precision F1-Measure Accuracy AUC
@ ABCDM 0.887 0.8892 0.8869 0.887 0.9584
mStacked 0.8925 0.893 0.8925 0.8925 0.9574
BABCDM ®Stacked
(¢)
0.94
092
09
0.88
0.86
0.84
0.82
0.8
0.78
0.76 ey
Recall Precision F1-Measure Accuracy AUC
= ABCDM 0.81815 0.8277 0.81685 0.8182 0.9104
B Stacked 0.83435 0.8354 0.8342 0.8343 0.9153
EABCDM m Stacked

()

Future Generation Computer Systems 115 (2021) 279-294

099
098
097
096
095
094
093
092
091
09
089
Recall Precision Fl-Measure Accuracy AUC
©ABCDM 09218 092305 092175 09218 0978
mStacked 092985 093 092985 09298 0979
HABCDM mStacked
0.98
096
094
092
09
088
086 =
Recall Precision Fl-Measure Accuracy AUC
DABCDM 090555 09067 090545 09055 0969
W Stacked 0.9103 0.9105 0.9103 0.9103 097
HABCDM B Stacked
098
096
094
092
09
088
086
084 -
Recall Precision Fl-Measure Accuracy AUC
©ABCDM 0.8843 0.89445 0.8877 0.9275 0.965
mStacked 088325 09096 089545 0934 0.9681
HABCDM Stacked
0995
099
0985
098
0975
097
0965
096
0955 =
Recall Precision Fl-Measure Accuracy AUC
HEABCDM 0.9687 0.96965 0.9687 0.9687 0.987
mStacked 097225 09727 097225 09723 099
HABCDM BStacked

(h)

Fig. 10. Comparison of the results obtained using our proposed model and the stacked version of the proposed model on: (a) Kindle, (b) App, (c) Electronics, (d)

Movies, (e) CDs, (f) Airline Twitter, (g) Sentiment140, and (h) T4SA datasets.

These semantic representations are passed to a convolutional
layer consisting of different kernel sizes to generate various fea-
ture maps and reduce the dimensionality of the feature space.
Another motivation for employing CNN in ABCDM is to enable
the model to extract local features in addition to those long
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dependencies extracted by LSTM and GRU layers. To make the re-
sulting feature maps more robust to features’ positional changes,
maximum and average pooling layers are stacked independently
at the outputs of CNNs. Finally, a dense fully connected layer
with a sigmoid function is used to transform the vector into
a high-level sentiment representation and perform the binary
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sentiment polarity classification of comments. Many experiments
were conducted on five review and three Twitter datasets to
evaluate the performance of developed model. Six recently pub-
lished deep neural models for sentiment analysis are used for
comparisons. Experimental results on these datasets indicate that
ABCDM achieves state-of-the-art results on both long review and
short tweet classification. Nonetheless, the comparison of the
results obtained for review and tweet datasets shows that the
amount of improvements on short tweet datasets is less than the
similar case for the long review datasets. The key reason may be
that the first feature extraction layer in ABCDM is the RNN-based
network which is designed to capture long dependencies. To fur-
ther improve the performance of ABCDM, a stack generalization
algorithm is used in which ABCDM and six baseline algorithms
are used as level-0 base learners, and logistic regression is used as
level-1 meta learner. This stacked model outperforms all level-0
models, showing their diversity and different power of sentiment
polarity classification.

This paper focused on polarity detection in document-level
sentiment analysis. In future, we propose to investigate the ef-
fectiveness of our proposed ABCDM for other sentiment analysis
tasks such as rating prediction and helpfulness prediction, as
well as other levels including sentence- and aspect-level senti-
ment analysis. Finally, ABCDM has been developed for the English
language but it could be easily extended to other languages.
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