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Abstract

Sentiment analysis, commonly known as “opinion mining,” aims to identify sentiment polarities in opinion texts. Recent years
have seen a significant increase in the acceptance of sentiment analysis by academics, businesses, governments, and several
other organizations. Numerous deep-learning efforts have been developed to effectively handle more challenging sentiment
analysis problems. However, the main difficulty with deep learning approaches is that they require a lot of experience and
hard work to tune the optimal hyperparameters, making it a tedious and time-consuming task. Several recent research efforts
have attempted to solve this difficulty by combining the power of ensemble learning and deep learning. Many of these efforts
have concentrated on simple ensemble techniques, which have some drawbacks. Therefore, this paper makes the following
contributions: First, we propose a meta-ensemble deep learning approach to improve the performance of sentiment analysis.
In this approach, we train and fuse baseline deep learning models using three levels of meta-learners. Second, we propose
the benchmark dataset “Arabic-Egyptian Corpus 2” as an extension of a previous corpus. The corpus size has been increased
by 10,000 annotated tweets written in colloquial Arabic on various topics. Third, we conduct several experiments on six
benchmark datasets of sentiment analysis in different languages and dialects to evaluate the performance of the proposed
meta-ensemble deep learning approach. The experimental results reveal that the meta-ensemble approach effectively out-
performs the baseline deep learning models. Also, the experiments reveal that meta-learning improves performance further
when the probability class distributions are used to train the meta-learners.

Keywords Ensemble learning - Ensemble deep learning - Ensemble methods - Deep learning - Sentiment analysis

1 Introduction

The power of social media for expressing opinions about
events, topics, people, services, or products has expanded
due to the growth of user-generated content on platforms
(Naresh and Venkata Krishna 2021). Hence, analyzing this
huge amount of social media data can help better understand
public opinions and trends and effectively make important
decisions by classifying the opinions and feelings expressed
in the text and determining their polarity as positive, nega-
tive, or neutral (Mejova 2009).
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In the literature, several research efforts have been
introduced to approach sentiment analysis using machine
learning (Pontiki et al. 2016; Ahmed et al. 2013; Duwairi
et al. 2014; Shoukry and Rafea 2012; Alomari et al. 2017).
Extended efforts have used deep learning to handle big-
ger data and improve the classification’s performance
against classical machine learning models (Mohammed
and Kora 2019; Chen et al. 2018; Pontiki et al. 2016; Hei-
kal et al. 2018; Baly et al. 2017; Rojas-Barahona 2016).
Deep learning techniques aim to overcome the limita-
tions and problems of classical learning through efficient
approaches in dealing with complex problems, large
amounts of data, and its capacity to automatically extract
the feature from the text (Habimana et al. 2020; Chan
et al. 2020). There are several architectures and models
for deep learning approaches when applied to sentiment
analysis, such as recurrent neural networks (RNN) (Moi-
tra and Mandal 2019), gated recurrent unit (GRU) (Le
et al. 2019), Long Short-Term Memory (LSTM) (Graves
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2012), Convolutional Neural Networks (CNN) (Collobert
and Weston 2008). However, the main difficulty with deep
learning techniques is identifying the most appropriate
architectures and models. Usually, deep models require
much effort due to tuning the optimal hyperparameters in
the search space of the possible hyperparameters, which
is a tedious task (Yadav and Vishwakarma 2020). These
problems can be overcome by approaching ensemble
learning to deep learning. Traditional ensemble learning
refers to merging several basic models to build one pow-
erful model (Kumar et al. 2021). Ensemble learning has
been successfully applied in many fields, such as image
classification (Wang et al. 2013), medical image (Cho
and Won 2003; Shipp and Kuncheva 2002), music rec-
ognition (Stamatatos and Widmer 2002), malware detec-
tion (Shahzad and Lavesson 2013) and text classification
(Kulkarni et al. 2018). In the literature, there are several
ensemble approaches, like, averaging, boosting, bagging,
random forest, and stacking (Zhang and Ma 2012). In deep
learning, most ensemble learning is a simple averaging
of model (Tan et al. 2022; Mohammadi and Shaverizade
2021; Araque et al. 2017) due to its simplicity and high
results. However, the voting-based ensemble method is not
a smart method to combine the models because it is biased
toward weak models, which can reduce the performance
in a lot of problems (Tasci et al. 2021).

To this end, the primary objectives of this research are
four-fold. First, we propose a meta-ensemble deep learning
approach to boost the performance of sentiment analy-
sis. The proposed approach combines the predictions of
several groups of deep models using three levels of meta-
learners. In the proposed approach, we achieve diversity
in the ensemble by using differences in the training data,
the diversity of trained baseline deep learners, and the
variation within the fusion of baseline deep models. Sec-
ond, we propose the benchmark dataset “Arabic-Egyptian
corpus”, which consists of 50,000 tweets written in collo-
quial Arabic on various topics. This corpus is an extended
version of the corpus “Arabic-Egyptian corpus” (Moham-
med and Kora 2019). Third, we conduct a wide range of
experiments on six public benchmark datasets to study the
performance of the proposed meta-ensemble deep learning
approach on sentiment classification in different languages
and dialects. For each benchmark dataset, groups of differ-
ent deep baseline models are trained on partitions of the
trained data. Their best performance is compared with the
proposed meta-ensemble deep learning approach. Finally,
we show the impact of meta-predictions of the proposed
meta-ensemble deep learning approach through different
models’ predictions, namely the class label probability dis-
tribution and the class label predictions. The main contri-
butions of the paper can be summarized as follows:
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— We propose a meta-ensemble deep learning approach to
improve the sentiment classification performance that
combines three levels of meta-learners.

— We extended the Arabic-Egyptian corpus (Mohammed
and Kora 2019) by increasing it to 50k annotated tweets.

— We train several baseline deep models using six public
benchmark sentiment analysis datasets in different lan-
guages and dialects.

— We conduct a wide range of experiments to study the
effect of the meta-ensemble deep learning approach
against single deep learning models.

— We compare the effect of the generated predictions of
meta-learners involved in the proposed approach to
improve the performance.

The paper is structured as follows: Sect. 2 provides a brief
overview of the challenges of sentiment analysis and various
ensemble learning methods as well as highlighting some of
the literature used for ensemble learning in sentiment analy-
sis. Section 3 describes the meta-ensemble deep learning
approach. Section 4 shows the experimental results, the
evaluation of the baseline deep learning models, and the
meta-ensemble deep learning approach in each of the differ-
ent benchmark datasets. Finally, Sect. 5 concludes the paper
and suggests future research directions.

2 Related work

Through sentiment analysis, we can obtain important infor-
mation that helps in making decisions, solving problems,
managing crises, correcting misconceptions, providing
desired products and services, interacting with consumers on
their terms, improving product and service quality, discover-
ing new marketing strategies and increasing sales (Tuysu-
zoglu et al. 2018). Despite its benefits, sentiment analysis
is an extremely difficult task due to several challenges and
problems (Cambria et al. 2017). First, the problem of iden-
tifying the subjective parts of the text: The same word can
be treated as subjective in one context, while it might be
objective in some other. This makes it challenging to dis-
tinguish between subjective and objective (sentiment-free)
texts. For instance: “The writer’s language was very crude,”
and “Crude oil is extracted from the sea-beds”. Second, the
problem of domain Dependence: In other contexts, the same
sentence can indicate something quite different. The word
unpredictable is negative in the domain of movies, but when
used in another context, it has a positive connotation. For
instance: “The movie was too slow and too long”, “I love
long pasta”. Third, the problem of sarcasm Detection: Sar-
castic sentences use positive words to convey a negative
opinion about a target. For instance: “Nice perfume. You
must be marinated in it”. Fourth, the problem of thwarted
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Expressions: In some sentences, the polarity of the text is
determined by a small portion of the text. For instance:
“Although I'm tired, the day is great.” Fifth, the problem
of indirect Negation of Sentiment: Such negations are not
easily defined because they do not contain “no,” “not,” etc.
Sixth, the problem of order Dependence: When the words
are not considered independent. For instance, “A is better
than B”. Seventh, the problem of entity Recognition: A text
may not always refer to the same entity. For instance, “I hate
Samsung, but I like OPPO”. Eighth, the problem of identi-
fying Opinion Holders: All written in a text is not always
the author’s opinion. For instance, when the author quotes
someone. Ninth and finally, the problem of associating senti-
ment with specific keywords: Many statements express very
strong opinions, but it is impossible to identify the source
of these sentiments. Generally, sentiment analysis can occur
at three levels: Sentence, Document, and Aspect/Feature.
At the sentence level, the task of this level is sentence by
sentence and decides whether each sentence represents a
neutral, positive, or negative opinion. At the document level,
this analysis level identifies a document’s overall sentiment
and categorizes it as negative or positive. At the aspect level
(also known as a word or feature level), this level of analysis
aims to discover sentiments on entities and/or their aspects
(Wagh and Punde 2018).

In recent years, ensemble learning has been considered
one of the most successful techniques in machine learn-
ing (Sagi and Rokach 2018). The main factors behind the
ensemble system’s success are increasing diversity among
baseline classifier types, using different ensemble methods,
using different beginning parameters, and creating mul-
tiple datasets from the original dataset (cross-validation

Table 1 Summary of ensemble methods

or sub-samples) (Mohammed and Kora 2021). Ensemble
methods aim to increase prediction accuracy by combin-
ing decisions from various sub-models into a new model.
Besides, the ensemble methods help avoid overfitting and
reduce variance and biases. Also, ensemble learning helps to
generate multiple hypotheses using the same base learner. In
addition, ensemble learning methods help reduce the draw-
backs of the baseline models (Alojail and Bhatia 2020). The
most popular ensemble techniques for enhancing machine
learning performance are bagging, boosting, and stacking.
Table 1 describes the advantages and disadvantages of each.

There are several domains using ensemble learning
methods to generalize machine learning techniques, such
as natural language processing (NLP), internet of things
(IoT), recommender systems, face recognition, informa-
tion security, information retrieval, image retrieval, and
intrusion detection system (Mohammed and Kora 2021;
Forouzandeh et al. 2021; Yaman et al. 2018; Pashaei
Barbin et al. 2020). Also, in sentiment analysis, many
research studies have shown the superiority of the differ-
ent ensemble learning methods over traditional machine
learning classifiers. For example, the research efforts of
Kanakaraj and Guddeti (2015); Prusa et al. (2015); Wang
et al. (2014); Alrehili and Albalawi (2019); Sharma et al.
(2018); Fersini et al. (2014); Perikos and Hatzilygeroudis
(2016); Onan et al. (2016) applied a bagging method
on a several of baseline classifiers such as (NB, SVM,
KNN, LR, DT, ME) for English sentiment analysis. Also,
the authors in Xia et al. (2011); Tsutsumi et al. (2007);
Rodriguez-Penagos et al. (2013); Clark and Wicentwoski
(2013); Li et al. (2010) applied two ensemble methods
by voting and stacking based on NB, SVM and LR for

Ensemble methods Advantage

Disadvantage

Bagging

- Reducing Variance (Avoids Overfitting).

- High performs on high-dimensional data.

- Ease of implementation and adapts.

-High Bias
-Computationally Expensive

-Loss of interpretability of the model

-Allowing weak learners to outperform strong learner

-Robust against to noise or outliers data

Boosting -Reduces Variance.
-Reduces Bias.
-Handling of the missing data.

- Ease of interpretation of the model

Stacking -A deeper understanding of the data.
-More Accurate
-Less Variance

-Less Bias

-Slower to train

- Computationally Expensive

-More Overfitting

-The difficulty of scaling sequential training

-Each classifier must correct the errors made
by its predecessors

-More Overfitting
- Time Complexity
-The difficulty of interpreting the final model

-Used to ensemble a variety of strong learners
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English sentiment analysis. In addition, the authors in Da
Silva et al. (2014); Xia et al. (2016); Fersini et al. (2016);
Araque et al. (2017); Saleena (2018) applied majority vot-
ing based on several traditional classifiers such as SVM,
RF, LR, NB, DT, and ME for English sentiment analysis.
At the same time, several studies applied a stacking based
on traditional classifiers for non-English sentiment analy-
sis. For example, the authors in Lu and Tsou (2010); Li
et al. (2012); Su et al. (2012) applied a stacking based on
KNN, NB, SVM, and ME for Chinese reviews, the authors
in Pasupulety et al. (2019) applied a stacking based on
SVM and RF for India’s reviews. In contrast, few stud-
ies applied ensemble learning techniques based on tradi-
tional classifiers of the Arabic language and its different
dialects. For example, the authors in Saeed et al. (2022)
applied a stacking based on SVM, NB, LR, DT, and KNN
for Arabic sentiment analysis. But the authors in Oussous
et al. (2018) applied a stacking based on SVM and ME for
Moroccan tweets. On the other hand, ensemble-based deep
learning models are a powerful alternative to traditional
ensemble learning methods. Ensemble deep learning has
shown excellent performance in sentiment analysis. For
example, the researchers in Deriu et al. (2016); Akhtyam-
ova et al. (2017) applied two ensemble methods by voting
and stacking based on CNN for English sentiment analy-
sis. Similarly, the work in Xu et al. (2016); Araque et al.
(2017); Mohammadi and Shaverizade (2021); Haralabo-
poulos et al. (2020) applied voting and stacking based on
LSTM and CNN for English sentiment analysis. However,
the researchers in Heikal et al. (2018) applied voting based
on CNN, GRU, and LSTM for Arabic sentiment analysis.

3 Proposed meta-ensemble deep learning
approach

The meta-ensemble deep learning approach architecture
consists of three layers, which are level-1, level-2, and
level-3, as in Fig. 1. Level 1 represents the input layer,
where each board of (M) models is trained indepen-
dently using a unique training dataset and different deep
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architectures. Level 2 represents the meta-learner’s hid-
den layer, in which each board model’s prediction outputs
in the previous layer are combined using a meta-learner.
Level 3 represents the output meta-learner layer. At this
level, the outputs of all predictions of the level-2 meta-
learner are combined using the final level of the meta-
learner to produce the final results. The proposed approach
in abstract form can be seen as a general meta-neural net-
work in which the first level is considered the input layer,
level 2 is the hidden layer that acts as an activation func-
tion, and level 3 is the output layer.

3.1 Description of the proposed Algorithm

The formal semantics of the proposed training proce-
dure of the proposed approach is shown in algorithm 1.
The algorithm starts by randomly generating N equally-
size samples from a training dataset Data®. Each data
sample Datago)z(train l@,test EO)) is splitted into two
parts; training and testing data. At the Baseline Learn-
ing procedure, the Level — 1 learning models are gener-
ated by applying M BL. Baseline Deep learners on each
training dataset (train f )). As a result, we have n boards
C;,1 <i<n each containing M diverse baseline mod-
els C; = Model;,Modely,, ... ,Model,,. For each test,
Testl@ = (X©, YD), of the n data samples are used to cre-
ate metadata Datagl) of the next level by stacking all the
predicted output of each model Model;. Each Datal(.l) in
level-2 has M + 1 features: M features result from the pre-
diction of the model in the board C; on the test0), and one
extra feature represents the class label Y(0). In Level — 2
once metadata has been generated, a set ShallowClIf of n
shallow meta classifier is used to generate the models of
Level-2. Following the creation of Level-2 models, test
51) = (X@, YD) are utilized to construct top the final meta
data of Level — 3. Likewise the previous level, the top
metadata are generated in two steps. The first step gener-
ates Datal(.l) of n + 1 features results from the predictions
of Level-2 models on X" and target class Y. In the next
step, we construct Datal(.l) to form the final metadata. A
Final meta learner is utilized to learn those top metadata
in the Level-3 learning phase.
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Procedure 1 Proposed Multi-level Training Algorithm

: procedure GENERATING Input: Data

Generate Datago) = T'ramgo) UTestz(0> = (Xl-(o)7 Yim)))7 1<i<n

1

2

3: procedure BASELINE LEARNING: Levell
4 BaseModels = {BL1,BLg, ..
5: for each Trm'ngo), 1<i<ndo
6: for each BL; € BaseModels,1 < j < M do

7 Model;; — fit (BL;, Train{”),1<j < M

8 C; — {Model;1, Model;a, ..., Model;pr},1 <i<n
9 for each Model;; € C;,1 <i<n,1<j< M do

10: y}) — Model;ij(X\*),1<j<M

11: Datagl) — FeatureStacking([yﬁ), yg) ..

12: procedure LEARNING: LEVEL2

.,BLs}a group of M Baseline Deep learners

W N 1<i<n

13: Divide Datagl) = Trainl(l) U(Testil) = (qul)7 Yi(l))), 1<i<n

14: ShallowClf = {shi, sha,.
15: for each Train,gl), 1<i<ndo

16: shModel; — fit (shi,Train,(L-l)), 1<j<n

.., 8hn}a group of n shallow learners

17: shallowModels «— {shModel;,shModels, .. .,shModely}

18: procedure FINAL LEVEL LEARNING: LEVEL3

19: for each Testgl) = (Xi(l),Yi(l))7 1<i<ndo

20: for each shModel; € shallowModels do

21: yg-) «— predict shModel; (Xi(l))

22: Dataf) — PredictedStacking[yg),yg)7 e 7y£i)7 Yi(l)], 1<i<n
23: TopMetaData = stacked([Data(12)7 Dzzta(22)7 ce Data%Q)]T)

24: FinalClassifier < is top level classifier

25: FinalModel — fit(FinalClassifier, TopMetaData)

4 Experiment results

This section describes the benchmark datasets used for sen-
timent analysis, the selection of baseline deep models, and
shallow meta-classifiers in the framework of the proposed
meta-ensemble deep learning approach scheme.

4.1 Description of benchmark datasets

To evaluate the extended meta-ensemble deep learning
approach, we selected six sentiment benchmark datasets for
conducting the experiments based on English, Arabic, and
different dialects: We propose the first dataset called “Ara-
bic-Egyptian corpus 2, which made up of 40,000 annotated
tweets from the corpus (Mohammed and Kora 2019), and
another extension of 10 K tweets which is available in Kora
and Mohammed (2022). The later extension consists of 5k
positive and 5k negative tweets from the Arabic language
and the Egyptian dialect. The second dataset includes tweets
in the Saudi dialect related to distance learning during the
Covid19 pandemic (Aljabri et al. 2021). It contains a total of
1675 tweets, which includes more positive tweets than nega-
tive tweets. The third dataset is ASTD (Nabil et al. 2015). It

contains about 10K Arabic tweets from different dialects and
is classified into 797 positive and 1682 negative (Table 2).
Tweets were annotated as positive, neutral, negative, and
mixed. The fourth dataset is ArSenTD-LEV (Al-Laith and
Shahbaz 2021). It contains 4000 tweets from countries in
the Levant Region, such as Jordan, Palestine, Lebanon and
Syria. The fifth dataset is Movie Reviews (Koh et al. 2010).
It contains 10,662 reviews, divided into 5331 negative and
5331 positives. The sixth dataset is the Twitter US Airline
Sentiment dataset (Rane and Kumar 2018). Table 3 sum-
marizes the characteristics of different benchmark datasets
for sentiment analysis. It contains 14,600 customer tweets
from six airlines in the US, including negative, positive, and
neutral sentiments. In general, the textual data was preproc-
essed using one-hot encoding or word-embedding (Lai et al.
2016), as an initial layer before training the network. Only
the positive and negative binary sentiment polarity labels
are used for each dataset, and the other polarity labels are
neglected. In our experiments, we divided each benchmark
dataset into training and validation test sets with a ratio of
(80%, 20%). In addition, we divided each benchmark dataset
into eight partitions.
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Table 2 Applications of ensemble learning to sentiment classification

Approach  Papers Baseline classifiers Ensemble method Languages Dataset
TEL Wilson et al. (2006) DT Boosting English MPQA Corpus (Wiebe et al.
2005)
Tsutsumi et al. (2007) SVM, ME Stacking English Movie Review (Chaovalit
and Zhou 2005)
Lietal. (2010) SVM, LR Voting English Amazon.com. (Rushdi-Saleh
etal. 2011)
Lu and Tsou (2010) NB, ME, SVM Stacking Chinese Reviews (Seki et al. 2008)
Xia et al. (2011) NB, ME, SVM Stacking English Movie Review (Chen et al.
2012)
Lietal. (2012) SVM, KNN Stacking Chinese Reviews (Seki et al. 2008)
Su et al. (2012) ME, SVM Voting, Stacking Chinese Reviews (Seki et al. 2008)
Rodriguez-Penagos et al. SVM Voting English SemEval (Dzikovska et al.
(2013) 2013)
Clark and Wicentwoski NB Voting English SemEval (Nakov et al. 2016)
(2013)
Fersini et al. (2014) ME, SVM, NB Voting,Bagging English Product Reviews Pang and
Lee (2005)
Da Silva et al. (2014) SVM, RF, LR Voting English Tweets Saif et al. (2013)
Wang et al. (2014) SVM, KNN, DT, ME, NB  Bagging,Boosting English Movie Reviews (Chaovalit
and Zhou 2005)
Kanakaraj and Guddeti NB, SVM Bagging,Boosting English Movie Review (Chen et al.
(2015) 2012)
Prusa et al. (2015) KNN, SVM, LR Bagging,Boosting English sentiment140 Corpus (Go
et al. 2009)
Xia et al. (2016) SVM, LR Voting English Amazon.com. (Rushdi-Saleh
etal. 2011)
Onan et al. (2016) BLR, NB, LDA,LR, SVM  Stacking,AdaBoost, Bag- English Tweets (Whitehead and
ging Yaeger 2009)
Fersini et al. (2016) NB, DT, SVM Voting English Movie Reviews (Chen et al.
2012)
Perikos and Hatzilygeroudis NB, ME Bagging English Posts (Cambria et al. 2013)
(2016)
Araque et al. (2017) NB, ME, SVM Voting English Movie Reviews (Chen et al.
2012)
Oussous et al. (2018) MNB, SVM, ME Voting, Stacking Moroccan  Tweets (Tratz et al. 2013 )
Saleena (2018) SVM, RF, NB, LR Voting English Sentiment140 Corpus (Go

et al. 2009), Tweets (Spe-
riosu et al. 2011)

Sharma et al. (2018) SVM Bagging English Movie Reviews (Chen et al.
2012)

Pasupulety et al. (2019) SVM, RF Stacking Indian NSE (Kumar and Misra
2018)

Saeed et al. (2022) SVM, NB, LR, DT, KNN Voting, Stacking Arabic Corpus (Li et al. 2011)
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Table 2 (continued)

Approach  Papers Baseline classifiers Ensemble method Languages Dataset
EDL Deriu et al. (2016) CNN Stacking English SemEval (Bethard et al.
2016)
Xu et al. (2016) CNN, LSTM Voting English SemEval (Dzikovska et al.
2013)
Akhtyamova et al. (2017) CNNs Voting English Reviews (Karimi et al. 2015)
(Araque et al. 2017) CNN, LSTM, GRU Voting, Stacking English Movie reviews (Chen et al.
2012)
(Heikal et al. 2018) CNN, LSTM Voting Arabic ASTD (Nabil et al. 2015)
Haralabopoulos et al. LSTM, GRU, CNN, Voting, Stacking English Comments (van Aken et al.
(2020) RCNN, DNN 2018), SemEval (Bethard
etal. 2016 )
(Mohammadi and Shaveri- CNN, LSTM, GRU, Stacking English SemEval (Bethard et al.
zade 2021) Bi_LSTM 2016)
/Data ™M\ — Meta
Sample 1- Deep > €8 1S Learner
" Models # Data 1 \
(1
Board 1
M M Meta Final Prediction
Training D(ee) N, | Meta S Learner Top Met
Dataset | P27 pataz ) Meta eta
Models Data Learner
Board 2
Level 3
M N
D(ee) N[ Meta Meta
P " | Datan Learner /
Models 7]
(n)
Board N
Level 1
Level 2

Fig. 1 The general architecture of the proposed meta-ensemble deep learning approach

4.2 Baseline deep learning models approach, we first need to build a set of deep learning
models that form the baseline classifiers of the proposed
meta-ensemble deep learning approach for each benchmark
dataset. Three deep baseline models are proposed in this

research: Long Short-Term Memory (LSTM) is the first

To enhance the performance of predictions in sentiment
analysis through the proposed meta-ensemble deep learning
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Table 3 Distribution of the different benchmark dataset

Dataset Data types Sentiment Positive count  Negative count  Total count
classes

1-Arabic-Egyptian Corpus (Mohammed and Kora 2019; Egyptian dialects, MSA 2 25k 25k 50k

Kora and Mohammed 2022)
2-Saudi Arabia Tweets (Aljabri et al. 2021) Dialects Tweets 2 1002 673 1675
3-ASTD (Nabil et al. 2015) Dialects Tweets 4 797 1682 10,006
4-ArSenTD-LEV (Al-Laith and Shahbaz 2021) Dialects Tweets 5 835 1253 4,000
5-Movie Reviews (Koh et al. 2010) English Reviews 2 5331 5331 10,662
6-Twitter US Airline Sentiment (Rane and Kumar 2018) English Tweets 3 2310 8797 14,601

Table4 Configurations of

3 . Models  Configuration value
baseline deep learning models
GRU GRU layer= 1 or 2
GRU size= 256
LSTM LSTM layer=1 or 2
LSTM size= 256
CNN No. of filters= 32

Filters size= 16
Vocab size= 10,000

baseline deep model utilized in our evaluation (Mohammed
and Kora 2019). The LSTM model is a well-known architec-
ture for representing sequential data. It was designed better
to capture long-term dependencies than the recurrent neural
network model. Three gates comprise LSTM architecture:
the input gate, the forget gate, and the output gate. The Gated
recurrent unit (GRU) is the next baseline deep model (Pan
et al. 2020). The GRU model is comparable to the LSTM
model, except it contains fewer parameters. GRU comprises
of two gates: the reset gate and the update gate. The Con-
volutional Neural Network Model (CNN) is the third base-
line deep model (Abdulnabi et al. 2015). The CNN model
is a feedforward neural network consisting of one or more
convolutional layers and a fully connected layer, which also
includes a pooling layer for integration. In general, each
deep baseline model is trained on different hyperparameters.
Table 4 shows the configurations of baseline deep learn-
ing models. Table 5 shows the accuracy of each data split
within each dataset and the average accuracy of each base-
line deep model in each dataset. It should be mentioned that
the experimental results reveal that the highest average accu-
racy obtained in the first dataset of Arabic-Egyptian Corpus
is 89.38% of the LSTM model. Also, the highest average
accuracy obtained in the second dataset of Saudi Arabia
Tweets is 65.38% of the LSTM2 model. In addition, the
highest average accuracy obtained in the third ASTD dataset
is 71.6% of the LSTM model. Moreover, the highest average
accuracy obtained in the fourth ArSenTD-LEV dataset is
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76.2% of the LSTM model. Additionally, the highest average
accuracy obtained in the fifth dataset of the Movie Reviews
dataset is 78.03% of the LSTM1 model. Finally, the highest
average accuracy obtained in the Twitter US Airline Senti-
ment dataset’s sixth dataset is 80.05% of the LSTM1 model.
In the conducted experiments, 114 deep baseline models in
all have been trained. In addition, the sizes of the baseline
models vary on each dataset. In Saudi Arabia, tweets, Movie
Reviews, and Twitter US Airline Sentiment are 4 deep base-
line models, while ASTD and ArSenTD-LEV are 3 deep
baseline models.

4.3 Meta-ensemble classifiers

To combine the trained baseline deep models within the
boards of models, we use a set of shallow meta-classifiers
that include Support Vector Machines (SVM), Gradient
Boosting (GB), Naive Bayes (NB), Random Forest (RF),
Logistic Regression (LG) as top surface meta learners.
Table 6 describes the accuracy results of the proposed
clustering method in each dataset. In the first dataset of
Arabic-Egyptian Corpus, the results indicate that the
ensemble with SVM classifier achieved the best accuracy
in both hard and soft prediction with a score of 92.6%
and 93.2%, respectively. In the second dataset of Saudi
Arabian tweets, the results indicate that the ensemble with
the SVM classifier achieved the best accuracy in the hard
prediction of 69.9%. In contrast, the ensemble with both
the SVM and LG classifier achieved the best soft predic-
tion accuracy with a score of 72.3%. In the third data-
set of ASTD, the results indicate that both the ensemble
with SVM and LG classifier achieved the best accuracy
in hard prediction with a score of 75.9%. At the same
time, the ensemble with the LG classifier achieved the
best accuracy in soft prediction with a score of 77.6%. In
the fourth dataset of ArSenTD-LEYV, the results indicate
that the ensemble with the SVM classifier achieved the
best accuracy in hard prediction with a score of 80.4%. In
contrast, the ensemble with the LG classifier achieved the
best accuracy in soft prediction with a score of 8§3.2%. In
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Table 5 Performance accuracy results of baseline deep classifiers in different datasets

Split dataset
Dataset Baselinemodels 1(%) 2(%) 3%) 4&%) 5% 6%) 7%) 8(%) AVG models (%)
1-Mohammed and Kora (2019); GRU 89.9 89.8 89.2 89.5 89.3 88.8 88.2 89 89.21
Kora and Mohammed (2022)
LSTM 89.7 89.8 89.8 89.1 89.2 89 89.1 89.4 89.38
CNN 87.64 85.04 8478 85.65 8740 86 85 86.2 85.96
2-Aljabri et al. (2021) GRU1 63.1 67.3 66.2 64.2 62.3 64.2 65.4 67.7 65.05
LSTM1 61.9 61.9 60 65 64.6 68.5 65 70.8 64.71
GRU2 60.8 69.6 60.4 61.5 63.1 66.9 64.6 61.5 63.55
LSTM2 60.4 65.4 65 66.2 66.5 70 62.3 67.3 65.38
CNN - - - - - - - - -
3-Nabil et al. (2015) GRU1 73.1 66.2 68.5 72.8 74.1 72.3 72.8 67.9 70.86
LSTM1 72.1 75.9 69.5 74.1 71.5 69.2 69 71.5 71.6
GRU2 - - - - - - - - -
LSTM2 - - - - - - - - -
CNN 68.2 70.4 67 68 68.9 71 70.6 68.2 69.03
4-Al-Laith and Shahbaz (2021) GRUI 74.5 76.4 73.6 73.9 76.4 77.3 78.5 76.4 75.87
LSTM1 73.3 75.8 75.2 78.2 75.2 78.2 75.8 77.9 76.2
GRU2 - - - - - - - - -
LSTM2 - - - - - - - - -
CNN 70.5 76 65.5 75 71.3 71.3 75.5 66 72.13
5-Koh et al. (2010) GRU1 68.9 71.5 76.6 75.4 71.2 75.3 74.8 76.6 74.53
LSTM1 82.6 74.8 79.4 81.9 81.7 764  82.7 64.8 78.03
GRU2 62.4 57.4 55.4 64.1 66.1 58.2 69 69.2 62.72
LSTM2 71.9 67.9 62.4 68.4 54.8 66.8 65.9 74.9 66.62
CNN - - - - - - - - -
6-Rane and Kumar (2018) GRU1 71.6 78.6 79.2 78.9 68.5 70.4 65.9 73.3 73.18
LSTM1 80.6 78.4 81.1 79.7 80.3 81.8 781 81.2 80.05
GRU2 70.6 66.4 70.8 68.2 63.3 67.7 64.4 63.9 66.82
LSTM2 73.2 66.3 724 69.7 71.3 70.8 70.9 73.1 70.96
CNN - - - - - - - - -

The values in bold indicate superior results among the baseline models in each data split

Table 6 Performance Accuracy
of the proposed Meta-Ensemble

in different datasets 1-Mohammed and Kora (2019);  Hard 92 92.6 91.6 91.9 91.9
Kora and Mohammed (2022)

Dataset Predictions GB (%) SVM (%) NB (%) LG (%) RF (%)

Soft 91.8 93.2 922 92.3 90
2-Aljabri et al. (2021) Hard 69.3 69.9 67.4 69.2 68.4
Soft 71.2 72.3 69.8 72.3 71.8
3-Nabil et al. (2015) Hard 74.1 75.9 72.3 75.9 74.1
Soft 76.2 77.1 73.6 77.6 75.8
4-Al-Laith and Shahbaz (2021)  Hard 79.5 80.4 76.2 80.3 79.6
Soft 81.4 82.3 79.1 83.2 814
5-Koh et al. (2010) Hard 80.5 80.9 79.3 80.5 80.5
Soft 82.4 83.9 80.5 83.8 82.1
6-Rane and Kumar (2018) Hard 82.1 82.9 80.3 81.8 82.2
Soft 85.3 85.1 81.9 85.1 84.9

The values in bold indicate superior results among the baseline models in each data split

@ Springer
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Table 7 Summary of accuracy

Benchmarks AVG Baseline models

High AVG Baseline models Meta-Ensemble

1-Mohammed and Kora (2019); Koraand GRU= 89.52%

Mohammed (2022)

LSTM= 89.54%
CNN= 86.10%
GRU1= 65.05%
LSTM1=64.71%
GRU2= 63.55%
LSTM2=65.38%
GRU= 70.86%
LSTM=71.6%
CNN= 69.03%
GRU=75.87%
LSTM=76.2%
CNN= 72.13%
GRU1=74.53%
LSTM1=78.03%
GRU2= 62.72%
LSTM2= 66.62%
GRU1=173.18%
LSTM1=80.05%
GRU2= 66.82%
LSTM2=70.96%

2-Aljabri et al. (2021)

3-Nabil et al. (2015)

4-Al-Laith and Shahbaz (2021)

5-Koh et al. (2010)

6-Rane and Kumar (2018)

LSTM= 89.54% SVM=93.2% (Soft)

LSTM2= 65.38% SVM=72.3% (Soft)

LSTM=71.6% LG=77.6% (Soft)

LSTM=76.2%

LG=83.2% (Soft)

LSTM1=78.03% SVM=83.9% (Soft)

LSTM1=80.05% GB=85.3% (Soft)

The values in bold indicate superior results among the meta classifiers in each data split

the fifth Movie Reviews dataset, the results indicate that
the ensemble with the SVM classifier achieved the best
accuracy in both hard and soft prediction with a score
of 80.9% and 83.9%, respectively. In the sixth dataset of
Twitter US Airline Sentiment, the results indicate that
the ensemble with the SVM classifier achieved the best
accuracy in hard prediction with a score of 82.9%. At the
same time, the ensemble with the GB classifier achieved
the best accuracy in soft prediction with a score of 85.3%.
Table 7 compares the highest accuracy results of the aver-
age baseline deep models with the highest accuracy results
of meta-ensemble classifiers in each dataset. It can be
noted that the highest average accuracy was obtained in the
proposed meta-ensemble in the different datasets in soft
prediction. Also, it can be noted that the highest average
accuracy obtained in baseline deep models in the different
datasets is the LSTM model than in the other networks. In
general, it can be noted that different meta-ensemble clas-
sifiers show better performance for the final prediction. It
can also be noted that using 5-fold cross-validation on the
predictions of deep baseline models, SVM is shown as the
most frequent best combiner to fuse the boards of models
in the level-1 with 93.2%, 72.3% and 83.9% in each of the
Arabic-Egyptian Corpus, Saudi Arabia Tweets and Movie

@ Springer

Reviews datasets, respectively. In addition, LG is shown
as the most frequent best combiner to fuse the boards of
models in level-1 with 77.6% and 83.2% in both the ASTD
and ArSenTD-LEV datasets, respectively. Finally, GB is
considered the most frequent best combiner to fuse the
models’ boards in the level-1 at 85.3% in the Twitter US
Airline Sentiment datasets.

5 Conclusion

Deep learning models have shown great success in sentiment
analysis in the literature. However, modeling an effective
deep learning model requires great effort due to finding the
best architecture of the neural network and the best configu-
ration of hyperparameters. An approach for tackling these
limitations is using the ensemble methods. The key idea of
the ensemble is to produce a powerful learner using a combi-
nation of weak learners. Thus, in this research paper, we pro-
posed a meta-ensemble deep learning approach to improve
the performance of sentiment analysis. This proposed
approach combines the predictions of several groups of
deep models using three levels of the meta-learning method.
Also, we proposed the benchmark dataset “Arabic-Egyptian
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Corpus 2”. This corpus comprises 10,000 annotated tweets
written in colloquial Arabic on various topics. This corpus is
added to the original version in Mohammed and Kora (2019)
that contains 40K annotated tweets. We conducted several
experiments on six public benchmark datasets for sentiment
analysis involving several languages and dialects to test and
evaluate the performance of the proposed meta-ensemble
deep learning approach. We trained sets of baseline clas-
sifiers (GRU, LSTM, and CNN) on each benchmark data-
set, and their best model was compared with the proposed
meta-ensemble deep learning approach. In particular, we
have trained 114 deep models and performed a comparison
on five different shallow meta-classifiers to ensemble those
models. The experimental results revealed that the meta-
ensemble deep learning approach effectively outperforms
all six benchmark datasets’ baseline deep learning models.
Also, the experiments suggested that the meta-learners work
better when the predictions of the involved layers are of the
form probability distribution. In summary, the proposed
ensemble approach uses parallel ensemble techniques where
baseline learners are generated simultaneously, as there is
no data dependency and the fusion methods depend on the
meta-learning method. However, our proposed approach has
some challenges and limitations, such as determining the
appropriate number of baseline models and selecting base-
line models that can be relied upon to generate the best pre-
dictions from each dataset when designing our meta-ensem-
ble deep learning approach from scratch. Also, the difficulty
of computing time complexity is added when the amount
of available data grows exponentially. In addition, the issue
of multi-label classification raises many problems, such as
overfitting and the curse of dimensionality, in the case of
high dimensionality of data. Handling a multi-class prob-
lems worth investigating in case of multi-level ensemble.
Also, transformer models recently received more attention in
NLP tasks. It is worth investigating the impact of ensemble
learning with transformers with full extensive experiments.
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