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Abstract 

Today, internet and social media is used by many people, both for communication and for expressing opinions about 
various topics in many domains of life. Various artificial intelligence technologies-based approaches on analysis of 
these opinions have emerged natural language processing in the name of different tasks. One of these tasks is Senti-
ment analysis, which is a popular method aiming the task of analyzing people’s opinions which provides a powerful 
tool in making decisions for people, companies, governments, and researchers. It is desired to investigate the effect 
of using multi-layered and different neural networks together on the performance of the model to be developed in 
the sentiment analysis task. In this study, a new, deep learning-based model was proposed for sentiment analysis on 
IMDB movie reviews dataset. This model performs sentiment classification on vectorized reviews using two methods 
of Word2Vec, namely, the Skip Gram and Continuous Bag of Words, in three different vector sizes (100, 200, 300), with 
the help of 6 Bidirectional Gated Recurrent Units and 2 Convolution layers (MBi-GRUMCONV). In the experiments 
conducted with the proposed model, the dataset was split into 80%-20% and 70%-30% training-test sets, and 10% 
of the training splits were used for validation purposes. Accuracy and F1 score criteria were used to evaluate the clas-
sification performance. The 95.34% accuracy of the proposed model has outperformed the studies in the literature. As 
a result of the experiments, it was found that Skip Gram has a better contribution to classification success.
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Introduction
Especially for environmental and technological reasons, 
people’s habits have started to change in recent years. 
In line with technological developments, socialization 
has almost entirely moved into social media applications 
through smartphones. Indeed, beyond the likes of photos 
and videos, people are now shooting and sharing videos 
that reflect their personal experiences. People instantly 

share their satisfaction and appreciation for a movie or 
a service in a restaurant, municipalities, and businesses, 
including public institutions. In addition to social media 
applications such as Twitter, and Facebook, they also 
share their ideas as videos on YouTube channels. They 
also share their experiences and comments with appli-
cations such as TripAdvisor and Airbnb. These shares 
account for a very large amount of data.

Approximately 7 TB  of data on Twitter and approxi-
mately 10 TB of data on Facebook are accumulated every 
day [1]. The inadequacy of the processing power of tradi-
tional computer systems and the classical machine learn-
ing methods used for the analysis of these large amounts 
of data has led to the emergence of new technologies. 
While cloud computing technologies are becoming 
prevalent for higher processing power [2], deep learning 
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methods are also becoming prevalent for data analysis. 
One of the application areas of deep learning methods 
on texts is the sentiment analysis task of natural language 
processing (NLP).

Sentiment analysis is the classification of the analyzed 
text data for estimating sentiment polarity using NLP 
techniques. Tagging comments on social media appli-
cations and websites, especially Twitter, as positive and 
negative, and classifying them using NLP techniques 
through these tags is widely used in many areas for dif-
ferent purposes. As a recent technology, deep learning is 
also frequently seen in studies in this field.

Deep learning is a machine learning method based on 
an improved version of artificial neural network tech-
nology, which is inspired by the structure and function 
of the human brain. Unlike artificial neural networks, it 
consists of many more hidden layers. Consequently, more 
comprehensive and efficient learning can be achieved by 
creating more complex networks, similar to the human 
brain. Deep learning methods are used in many areas, 
such as image processing [3–6], text classification [7], 
speech recognition [8, 9], and NLP [10, 11].

In the deep learning methods used in many areas, dif-
ferent and multi layer neural networks are used. In one 
of the studies on the use of multi layer neural networks, 
geometric relational features based on distances between 
joints and selected lines were investigated using multi 
layer Long Short-Term Memory (LSTM) [12]. In their 
study, researchers created a model of energy consump-
tion using a multi layer Gated Recurrent Unit (GRU) [13]. 
A new multi layer GRU neural network was also used to 
speed up the calculation of aerodynamic forces [14]. A 
multi-layer LSTM model was proposed for binary and 
multi class data on denial-of-service attacks [15]. Multi-
layer Bidirectional LSTM (Bi-LSTM) was used in image 
processing. This method had better results than single-
layer LSTM and GRU [16]. In a forecast study on daily 
power consumption controlled by the US electric com-
pany, a multi layer LSTM model was used, which per-
formed better than the traditional single-layer LSTM and 
Bi-LSTM [17].

New models using multilayer neural networks have 
been proposed in many areas, from the energy industry 
to network security to image processing, and they give 
better results than single-layer neural network models.

In this study, a new multi layer deep learning model 
was proposed to investigate the effect of multi layer and 
different Artificial Neural Network (ANN) models on 
sentiment analysis performance. In the proposed model, 
a new deep learning model (MBi-GRUMCONV) was 
developed by using a combination of 6 Bi-GRU layers and 
2 Convolution (Conv) layers.

The main contributions of this study are as follows:

• A new model (MBi-GRUMCONV) was proposed by 
using multi layer and different neural network archi-
tectures together to achieve the best performance in 
the sentiment analysis task.

• For the proposed method, the accuracy performance 
was investigated to reveal the effect of 3 different vec-
tor sizes (100, 200, 300) and 2 different Word2Vec 
word embedding methods (Skip Gram, Continuous 
Bag of Words (CBOW)) on sentiment classification 
performance.

• It is stated in the literature that while the Bi-GRU 
sequence gives good results in the analysis of data, 
CNN gives better results in image processing data. 
Bi-GRU, which found the most up-to-date solution 
to the vanishing gradient problem of RNN, was used 
as a multi-layer and then added 2 convolution layers 
to increase performance.

The rest of the article is organized as follows: 
Sect. "Related Works" presents a literature review. Under 
the heading of the methodology in Sect.  "Methodol-
ogy", the introduction of the dataset, data preprocessing, 
word embedding methods, and deep learning methods 
are discussed. The structure and details of the proposed 
model are given in Sect. "Proposed Model (MBi-GRUM-
CONV)". Sect.  "Experiment Environments" presents 
the results and comments of the experiment carried out 
according to the proposed architecture and performance 
metric. The 6th and last section of the study discusses the 
overall evaluation of the study results and makes recom-
mendations for future research.

Related Works
Existing studies with different approaches to SA task 
have been reviewed and detailed information about them 
have been given below.

Sentiment analysis is called by a few names, depend-
ing on its application areas, such as aspect-based, opin-
ion extraction, sentiment mining, subjective analysis, and 
impact analysis. Idea mining and sentiment analysis are 
used interchangeably [18] The terms sentiment, opinion, 
and impact are used interchangeably. We can divide emo-
tion classification into two as machine learning and dic-
tionary-based approaches.

There are various levels in the studies of extracting 
emotions from texts. There are documented, sentence, 
aspect and concept levels. There are dictionary-based 
methods for approaches at the Concept [19–21], Docu-
ment [22] level. In the sentence-level sentiment analysis 
studies, the document and sentence-level analysis does 
not affect the effect of the properties and aspects of the 
entities in the sentiment classification. For this, aspect 
based [18, 23, 24] methods are used. Aspect-based 
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provides more detailed and accurate information from 
the data by dividing it into small parts, taking into 
account the integrity of the emotion in the text [25].

Before emotion classification or just emotion identifi-
cation studies are also done. Emotions such as happiness, 
disappointment, anger, and sadness can be determined in 
more detail, rather than standard positive, negative and 
neutral classes. In systems using emotion detection fea-
ture, thanks to these emotion classes, the user’s attitude 
can be examined as positive or negative, and appropriate 
actions can be taken by analyzing the mood more clearly 
[25].

Sentiment analysis approaches, as seen in Fig.  1, can 
be generalized under four main headings as a dictionary-
based approach, machine learning approach and their 
hybrid use, and other studies [20]. In our study, we fol-
lowed the deep learning methods under supervised 
learning, one of the machine learning methods.

In the first studies with sentiment analysis (Term Fre-
quency-Inverse Document Frequency), after frequency-
based word embedding methods such as TF-IDF and 

Bag of Words, Support Vector Machine (SVM), Ran-
dom Forest (RF), Decision Tree (DT) Multinominal 
Naïve Bayes (MNB), Bernoulli Naïve Bayes (BNB), 
Logistic Regression (LogR), and stochastic gradient 
descent (SGD) were used for emotion classification 
using machine learning methods. Afterwards, predic-
tion-based methods such as Word2Vec, Global Vector 
(GloVe) started to be used. Bidirectional Encoder Rep-
resentations from Transformers (BERT) has been used 
in other tasks of NLP, including the sentiment analysis 
task in pre-trained models such as CNN.

In a textual affective computing tasks such as sentiment 
analysis, supervised machine learning was used LogR, 
MNB, RF, SVM, Recurrent Neural Network (RNN), 
LSTM, and CNN [27–33] Studies are carried out with 
methods such as prompt-based analysis [34–36], graph-
based [37–39]. There are also neurosymbolic AI [40–42] 
approaches that can be mentioned as new trends in senti-
ment analysis studies. Within the scope of the study, it is 
desired to investigate the performance of using multiple 

Fig. 1 Sentiment analysis approaches [26]
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neural networks together in NLP tasks after the predic-
tion-based based wor2vec method.

Among the sentiment analysis studies published in 
popular databases such as IEEE and Science Direct in 
the last 5 years, those applied to the IMDB reviews data-
set was selected, and the details of these studies are pre-
sented in Table  1. The Relevant Table shows the word 
representation or embedding methods used in each 
study, the architectures used, the architecture descrip-
tions, and the accuracy performance values in detail.

As shown in Table  1, various deep learning models 
were created by using the same or different multi-layer 
neural network architectures together. When these stud-
ies are examined, it is seen that the use of multiple layers 
leads to higher accuracy than single layers. We decided to 
use a multi-layered architecture to obtain higher perfor-
mance in our study.

Methodology
In this section, the dataset used in the study is intro-
duced, and preprocessing, word embedding and deep 
learning methods are discussed.

Dataset
The IMDB dataset, which contains 25,000 positive-
tagged and 25,000 negative-tagged movie reviews, is a 
reliable, balanced, and popular dataset collected by Stan-
ford researchers to be used in sentiment analysis studies 
[57]. The sentiment class distribution of the dataset is 
shown in Fig. 2.

The use of the IMDB dataset was preferred to com-
pare the results of our proposed architecture with 
previous studies in the literature. Table 2 shows infor-
mation about the features of the IMDB dataset.

In Table 2, a sentiment attribute of 1 indicates a posi-
tive sentiment class, and 0 indicates a negative senti-
ment class. Table  3 shows more detailed information 
about the dataset.

Table 1 Sentiment analysis studies on the IMDB dataset

Ref Text Representation/Word Embedding Model Model description Accuracy (%)

[43] GloVe Bi-LSTM -CNN Multi Layered and Hybrid Deep Learning 
Model

92.05

[44] GloVe 2 Bi-LSTM Multi layer deep learning model 87.46

[45] GLoVe Bi-GRU, Bi-LSTM Hybrid deep learning model 91.98

[46] Word2Vec CNN Single layer neural network model 89.47

[47] Keras embed CNN-LSTM Hybrid deep learning model 89.5

[48] Keras embed CNN-LSTM-CNN Multi Layered Hybrid deep learning model 89.02

[49] TF-IDF, Count Vectorizer, Keras embed LogR, SVM, MNB, CNN, RNN, LSTM Single layer deep learning model and tradi-
tional Machine Learning models

88 (RNN)

[50] Word2Vec RNN Single layer neural network model 87

[51] Word2Vec CNN-LSTM Hybrid deep learning model 88.3

[52] GloVe LSTM-GRU Hybrid deep learning model 87.10

[53] BOW Multi Layer Perceptron Single layer neural network model 86.67

[54] Word2Vec Multi Layer Perceptron, CNN, 
LSTM and CNN-LSTM

Hybrid deep learning model and
Single layer neural network model

89.2 (CNN-LSTM)

[55] Unigram with TF-IDF MNB, BNB, LogR, SVM, SGD, RF Deep learning models and traditional Machine 
Learning models

88.66 (RF)

[56] D-dimensional dense vector, n inputs, 
feature map of d × n in size

Hierarchical Conv-Nets Numerous NLP tasks have been studied 87.90

Fig. 2 IMDB dataset sentiment class distribution

Table 2 IMDB dataset

Attribute Name Description Attribute Type

Sentiment Tagged sentiment classes 
of the texts

Integer

Review Comments Text
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The word cloud of the negative and positive word dis-
tribution from the 50,000 comments in the dataset is 
shown in Fig. 3. As shown in Fig. 3, in the distribution of 
positive-tagged and negative-tagged data, words such as 
"good", and "great" are positive-tagged, and words such as 
"even", and "though" are negative-tagged. Words such as 
"film", "scene", and "story" are seen both in the positive 
and negative word clouds.

Data preprocessing
Text preprocessing is the preparation process for easier 
processing of texts. It includes processes such as the 
removal of stop words and special characters. It is used to 
prepare the data before the NLP classification stage.

To achieve better and more reliable classification 
results, only the most important words are taken or exist-
ing words are cleaned from HTML tags, and all are con-
verted into normalized form. Preprocessing operations:

1. HTML tags were removed,
2. Special characters, URLs, and email addresses were 

removed.
3. Numbers were removed,
4. White spaces were removed,
5. Punctuations were removed,
6. Tokenization was performed,
7. All text data were converted to lowercase to elimi-

nate variations in word forms.

8. Stopwords were removed,
9. Word2Vec’s CBOW and Skip Gram methods were 

used in vector sizes of 100, 200, and 300 for vectori-
zation operations.

Figure 4 shows the outline of the study, including pre-
processing the dataset, word embedding operations, 
splitting the dataset into training, testing, and validation 
sets, feeding them into the proposed classification model, 
and evaluating the results. In the experiments carried 

Table 3 Dataset detailed information

Parameter Values

Number of Classes 2

Number of Reviews- 50,000

Positive Reviews 25,000

Negative Reviews 25,000

Maximum Review Length 13,704

Minimum Review Length 6

Number of Unique Words 49,576

Fig. 3 Reviews dataset word clouds

Fig. 4 Block diagram of the study
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out to examine the performance of the proposed model 
in the study, the data set was divided into 80%-20% and 
70%-30% training-test sets. Approximately 10% of the 
training data were used for validation.

Word Embedding
Word embedding is a method in which each word in a 
sentence is mapped to a d vector so that words with a 
close semantic similarity are represented closer together 
in a hidden space. This is a more advanced technique 
than the bag-of-words, which carries more context of the 
sentence in a low-dimensional space. The input to neu-
ral networks must be in numerical form. Therefore, the 
text is converted to a numeric representation called text 
vectorization. There are some useful methods used for 
text vectorization. One of the most popular techniques 
for word vectorization using neural networks is the tech-
nique. It was developed by Google. Word2Vec uses two 
methods: SkipGram and CBOW [58].

CBOW is a word embedding architecture that uses 
future words as well as past words to create a word 
embedding [56]. The objective function of the CBOW is 
given in Eq. (1):

In the CBOW method, distributed representations of 
the context are used to predict the word in the middle 

(1)Jθ =
1

T
=

∑T

t=1
logp

(
wt

|
|wt−n,……….,wt−1,wt+1,…….wt+n

of the window [58]. A visual view of the CBOW model 
structure is shown in Fig. 5.

Skip Gram uses the central word to predict the sur-
rounding words [58]. The objective function of the Skip 
Gram is given in Eq. (2):

The log probabilities of the surrounding n words to the 
left and right of the w_t target word are summed for the 
objective function of the Skip Gram given in Eq. (2): The 
structure of the Skip Gram model is shown in Fig. 6.

Word2Vec parameters;
Size: It is the minimum number of occurrences of a 

word in the corpus to be included in the model.
Window: This is the maximum distance between the 

current and predicted words in a sentence.
Workers: It denotes the number of running threads for 

parallelization to speed up training.
min_count: The size of the feature vectors.
SG: If its value is 0, then CBOW is performed; other-

wise, Skip Gram is performed.
Table  4 shows the Word2Vec parameters used in the 

study.

Deep learning
Deep learning is a machine learning method based on 
artificial neural networks. It is based on at least one 

(2)Jθ =
1

T
=

T

t=1 −n≤j≤n, �=0
logp wj+1 wt

Fig. 5 CBOW model structure

Fig. 6 Skip gram model structure
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artificial neural network and many algorithms to obtain 
new data from the available data. Deep learning can be 
carried out in a supervised, semi-supervised or unsuper-
vised manner. It has been successfully applied to areas 
such as computer vision, machine vision, speech recog-
nition, natural language processing, voice recognition, 
social network filtering, and machine translation [59].

RNN
It is a type of neural network that is often used in NLP 
problems. Successful results were obtained since it can 
also recall past information. The RNN uses the output 
of the previous step as the input to the current step. The 
RNN ensures that each output proceeds based on the 
previous step. It tries to keep the results calculated in the 
previous steps in memory [60].

The RNN architecture has one input layer, two hid-
den layers, and one output layer. All of these layers work 
independently. The structures in each layer have weights, 
and the specific threshold values are determined for 
each layer. In this way, the system will give more realis-
tic results. As a result of these recurrent steps, the pre-
vious input state is stored and combined with the newly 

obtained input value to associate the newly obtained 
input with the previous input. Visualization of the RNN 
architecture is shown in Fig. 6 [60].

Due to the problems of RNN, various networks of 
later variants, such as GRU and Bi-GRU, have been pro-
posed. Information about GRU and Bi-GRU are given in 
subsections.

Gated Recurrent Unit Network
GRU is a type of Recurrent Neural Network. GRU, 
which consist of only two gates, a reset gate, and an 
update gate, use the hidden state to transfer informa-
tion [60].

Update Gate: It decides the information to discard and 
the new information to include.

Reset Gate: This gate is used to decide how much of the 
past information is to be forgotten.

GRU are slightly faster than other types of RNN since 
they have fewer vector operations.

The model structure of the GRU is shown in Fig. 7. For 
a given time range t, xt ∈ Rn∗d is the mini-batch input 
(n: sample count, d: number of inputs), and ht−1 ∈ Rn∗h 
is the hidden state of the last step (h: number of hidden 
states) [61].

GRU has Update and Reset Gates that control the 
flow of information within the unit. The Update Gate 
decides the information to discard and the information 
to include [61].

The calculation of the Update Gate is given in Eq.  (3). 
This gate is used to decide how much of the past to for-
get. It also helps to capture short-term dependencies on 
time series.

Table 4 Word2Vec parameters used in the study

Parameters Values

Vector size 100, 200, 300

Workers 8

min_count 5

Skip Gram (SG) 0, 1

Fig. 7 GRU architecture
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The calculation of the reset gate is given in Eq. (4). A 
value close to 0 indicates that previous information is 
forgotten in the current memory content. A value close 
to 1 indicates that it will be retained in the current 
memory [62].

After determining how much of the memory will be 
forgotten and how much will be kept through the reset 
and update gates at the moment t in Eq. (5), the infor-
mation in these gates is scaled using the activation 
function [63].

The information stored by the hidden layer at time t 
is determined by Eq. (6).

Bi‑GRU 
Bidirectional recurrent neural networks bring together 
only two independent GRUs. This structure ensures 
that networks always have both backward and forward 
information about the array in each step.

The bidirectional GRU processes inputs in two ways, 
one from the past to the future and the other from the 
future to the past, and what distinguishes this approach 
from the unidirectional one is that the GRU working 
backward preserves information from the future and 
combines two hidden states. The Bi-GRU can preserve 
information from both the past and the future at any 
point in time. Figure  8 shows the schematic structure 
of the GRU and Bi-GRU side by side [64].

(3)Ut = σ(WUht−1 +WUxt + bU)

(4)Rt = σ(WRht−1 +WRxt + bR)

(5)‘

ht= tanh

(6)ht = (1− Ut) ∗ ht−1 + Ut∗
‘

ht

CNN
CNN is a class of deep, forward-propagation artificial 
neural networks most commonly used for image recog-
nition and computer vision. It is a regular version of the 
multilayer perceptron. They were developed for image 
processing and image classification, but they were also 
used in text classification tasks. CNN uses convolution 
and pooling as the two main processes for feature extrac-
tion in the model. The output from convolution and 
pooling is connected to a fully connected multilayer per-
ceptron [65].

A convolutional neural network consists of an input 
layer, hidden layers, and an output layer. In any forward-
propagation neural network, any middle layer is called 
the hidden layer since its inputs and outputs are masked 
by the activation function and the final convolution. In a 
convolutional neural network, the hidden layers contain 
the layers that perform the convolutions. Typically, this 
involves a layer that performs a multiplication or another 
pointwise multiplication and consists of an activation 
function. This is followed by other layers, such as pool-
ing layers, fully connected layers, and normalization lay-
ers [66].

Convolution is a process in which we select a filter or 
kernel of a predefined size and move that filter along 
the text values and multiply the corresponding values. 
The text in sentences is converted to numbers using the 
Word2Vec embedding technique. Then, all the values 
in the filter are added for the first feature in the result-
ing array. The filter moves along text values based on the 
stride size (which determines how many steps the filter 
can take each time it moves). The resulting array is called 
the convoluted feature [67].

Pooling is a technique used to downsample convoluted 
features. The global maximum pooling technique was 
chosen in the present study. This technique is used to 
reduce the size of the convoluted feature. After the con-
volution process, "same padding" was used to have the 
same size for both the array and the input.

Fig. 8 a) GRU, b) Bi-GRU 
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Proposed Model (MBi‑GRUMCONV)
In this section, a multilayered deep learning model is 
proposed for sentiment classification after the Word2Vec 
embedding process (Skip Gram and CBOW) in 3 differ-
ent vector sizes (100, 200, and 300) on the public IMDB 
reviews dataset. The details of this proposed model, 
shown in Fig. 9, are discussed in this section.

Input Layer
The input layer is considered the first stage of the net-
work. The input layer is the layer where the input data to 
be used in the model are imported.

Embedding layer
It is the second layer of the model and converts each list 
corresponding to a specific word in the information array 
into an element vector. These real-value vectors together 
form a structure. The embedding layer is designed so that 
each row represents a unique array corresponding to a 
specific word in the dictionary. The added network ele-
ment is "d*w" in size. The dataset size is denoted by "d", 
and word weights are denoted by "w". Word2Vec (Skip 
Gram, CBOW) word vectors with 100, 200, and 300 vec-
tor sizes were used in the study.

Convolution, dropout, and dense layer
The convolution layer convolves its input obtained by cal-
culating the pointwise multiplication between all input 
channels and filters based on the structure of the feature 
map. The dropout layer nullifies the connection of certain 
neurons in the next layer while leaving others unchanged. 
The dense layer is the layer of basic artificial neural net-
work neurons.

Output layer
The output layer is the last layer in the model that yields 
negative or positive prediction results.

Experiment environments
Experiments on the established model were conducted 
on Google Colaboratory (Colab Pro) [68] using the Ten-
sorFlow 2.9.0 [69] and Keras 2.9 [70] libraries and Python 
version 3.9.13 [71]. The Colab Pro version was used to 
make the experiments faster without any interruption.

Hyperparameters settings
The ReducePlatue [72] and various callbacks of Keras 
[70] for early stopping [73] were used to create a model 
with a good fit.

If there is no improvement in the validation accuracy 
during the training of the model, the training process is 
stopped before the specified number of steps. This pro-
cess is called early stopping. It is performed with the 
EarlyStopping function in the Keras library. The train-
ing is stopped if there is no improvement in the valida-
tion accuracy value for 5 steps.

If there is no improvement in the validation loss dur-
ing training, the learning speed is reduced by multiply-
ing by a specific coefficient. In the study, in the case 
of no improvement in validation loss performance in 
5 steps, the learning speed was reduced by multiplying 
by 0.1.

TensorBoard is a tool of TensorFlow that enables 
tracking of experimental metrics such as loss and accu-
racy, model graph visualization, and fast and multipa-
rameter model setup in machine learning studies [69]. 
Using the TensorBoard library, the parameters in the 
first column of Table 5 were run by assigning the values 
in the second column in nested loops to find the opti-
mum value for each parameter. These optimum values 
are shown in bold in Table 5.

Summary information of the entire model deter-
mined by TensorBoard and used in the study is pre-
sented in Table 6.

Fig. 9 The Proposed Mbi-GRUMCONV model for sentiment analysis

Table 5 Parameters used in the model

Parameters Values

Batch Size 32,64,128,256,512,1024

Epoch 5,10,20,30,40

Activation Function ReLu, sigmoid, tanh

Optimizer Adam, RMSprop, SGD

Number of units and Number of Conv filters 64,100,128,200,300

Kernel 2,3,4,5,6,7

Dropout 0.3, 0.4, 0.5, 0.6, 0.7, 0.8
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Experiments
This section gives the results of the experiments of the 
proposed deep learning model conducted in 3 differ-
ent (100–200-300) word embedding vector sizes with 
Word2Vec on 70%-30% and 80%-20% train-test split 
and 10% validation split for each set. Moreover, the 
performance metrics used in the evaluation of these 
experimental results are also addressed in this section.

Performance metrics
The performance of the models created for sentiment 
analysis was evaluated by accuracy criteria. This crite-
rion is obtained by the ratio of the True Negatives (TN) 
and True Positives (TP) to the total number of samples in 
Eq. (7) [74].

F1 Score is used when there is a need for a measure-
ment metric that will include not only False Negative FN 
or False Positive FP But also all error costs. F1 score is 
given in Eq. (8) [74].

Experimental results
The results of the experiments are given in Tables 7 and 
8.

As shown in Table 7, in all dataset splits (train, test, and 
validation), the performance was found to increase in line 
with the increase in the vector size in both the Skip Gram 
and CBOW methods.

For the vector size of 100 in the CBOW and 
Skip  Gram, the Skip Gram has better accuracy per-
formance in the training and validation sets, while the 
CBOW has better results in the test data set. In the 
vector size of 200, however, CBOW was better in the 
training and test datasets, while Skip Gram was better 
in validation. At a vector size of 300, Skip  Gram per-
formed better than CBOW in all three sets (test, train, 

(7)ACC =
TP + TN

TP + TN + FP + FN

(8)F1 = 2 ∗





TP
Tp+FP

∗
TP

Tp+FN

TP
Tp+FP

+
TP

Tp+FN





Table 6 Model parameter summary information

Hyperparameter Values-Settings

Train size 70%, 80%

Test size 30%, 20%

Validation split 10%

Embedding Dimension Word2Vec
100, 200, 300

Filter 128

Number of Units 128

Learning Rate 0.001

Optimizer Adam

Batch Size 64

Number of Epochs 20

Recurrent Dropout 0.3

Max Length 200

Output Size 1

Metrics Accuracy

Kernel Regularization L2

Activation Function ReLu

Loss Function Binary Cross Entropy

Output Function Sigmoid

Table 7 Accuracy values of the proposed model (80%-20%)

CBOW Skip Gram

Performance Metric Dataset Parts 100 200 300 100 200 300

Accuracy (%) Train 92.80 93.20 94.38 92.42 91.08 95.32
Validation 88.79 87.63 89.75 89.15 89.22 94.67
Test 92.37 93.84 93.92 91.95 92.72 95.34

Table 8 Accuracy values of the proposed model (70%-30%)

CBOW Skip Gram

Performance Metric Dataset Parts 100 200 300 100 200 300

Accuracy (%) Train 92.58 93.93 94.23 90.40 90.93 94.68
Validation 89.03 89.17 89.49 89.29 89.43 90.37
Test 90.47 93.40 93.13 91.83 91.69 93.65
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and validation). The best result of the proposed model 
was obtained with a vector size of 300 in the Skip Gram 
embedding in all three data sets.

As shown in Table  8, in all dataset splits (training, 
testing, and validation), the performance was found to 

increase with the increase in the vector size in both the 
Skip Gram and CBOW methods.

For the vector size of 100 in the CBOW and Skip 
Gram, the Skip Gram has better accuracy performance 
in the test and validation sets, while the CBOW has 
better results in the training data set. In the vector 

Table 9 IMDB Dataset 80%-20% train and validation accuracy/loss graphs

100 200 300

CBOW

Skip Gram

Table 10 IMDB Dataset 70%-30% train and validation accuracy/loss graphs

100 200 300

CBOW

Skip Gram
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size of 200, however, CBOW was better in the training 
and test datasets, while Skip  Gram was better in vali-
dation. At a vector size of 300, Skip Gram performed 
better than CBOW in all three sets (test, train, and 
validation). The best result of the proposed model was 
obtained with a vector size of 300 in the Skip Gram 
embedding in all three data sets.

Considering Table  7 and Table  8 together, 80%-20% 
(Table  9) gave better results than the results obtained 

in the 70%-30% train-test separation. During the two 
different 80%-20% and 70%-30% (Table  9, Table  10) 
train-test splits, the performance was found to increase 
as the vector size increased in both the Skip Gram and 
CBOW methods. Although the best results in both sep-
arations were obtained by the Skip Gram method and 
at a vector size of 300, the 80%-20% train-test separa-
tion gave the best result in the proposed model.

Table 11 F1 score values of the proposed model

F1 Score CBOW Skip Gram

Training–Testing and validation 
splits

100 200 300 100 200 300

80–20 0.89 0.87 0.91 0.89 0.88 0.92

70–30 0.90 0.87 0.92 0.91 0.89 0.93

Table 12 Comparison of the test accuracy results of the proposed model with those of previous studies

Author Model Accuracy(%)

Derra [44] Bi-LSTM-Bi-LSTM 87.46

Pushpakumara et al. [50] RNN 87

Ni and Cao [52] LTM-GRU 87.10

Le and Mikolov [58] Paragraph Vector 87.8

Wenpeng et al. [56] Hieachical Con-vNets 87.90

Nguyen et al. [65] SVM-NB 87.95

Amulya et al.[49] RNN 88

Hassan and Mahmood [52] Conv-Lstm 88.3

Mohaiminul [54] CNN-LSTM 89.2

Narayanan et al. [76] NB 88,80

Camacho-Collados and Pilehvar [77] CNN-LSTM 88.90

Ghorbani, et al. [48] CNN-LSTM-CNN 89.02

Zhou and Feng [78] DT 89.16

Wang and Manning [79] SVM 89.16

Nahal et al. [55] CNN-LSTM 89.20

Ma and Fan [80] Bi-LSTM with Attention mechanism 89.29

Sabba et al. [46] Sequential CNN 89.47

Mesnil et al. [81] NB-SVM 91.87

Shaukat et al. [53] Multi Layer Perceptron 91.9

Islam [45] Bi-GRU-Bi-LSTM 91.98

Amit [43] MBi-LSTMGLoVe 92.05

Brychcín and Habernal [82] ME 92.24

Xu et al. [83] RNN 92.77

Dai and Le [14] LSTM 92.80

Radford et al. [84] LSTM 92.88

Johnson and Zhang [86] CNN 93.49

Dieng et al. [87] RNN 93.72

Johnson and Zhang [88] LSTM 94.06

Gray et al. [89] LSTM 94.99

Proposed Model MBi-GRUMCONV 95.34
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Accuracy and loss graphs for all embedding and vec-
tors of the proposed model are presented in Table 9 and 
Table 10.

Table  9 shows that Skip Gram is more robust than 
CBOW in all vector sizes (100, 200, 300).

Table  10 shows that the Skip Gram yields a good fit/
robust model, better than CBOW in all vector sizes (100, 
200, and 300).

F1 Score value is given in Table 11.
As seen in Table  11, Skip Gram method gave better 

results than CBOW embedding method, similar to the 
Accuracy values.

Comparison of the proposed model (MBi-GRUMCONV) 
with related works
The experimental results of the proposed model, state-of-
the-art models proposed in other studies in the literature, 
author information, and the comparison of the accuracy 
results of the test sets are given in Table 12.

The validation accuracy value of the model we pro-
posed is specifically compared to the proposed multilay-
ered models in Table 13. In these comparisons, it is seen 
that it surpasses other studies.

Conclusion and Discussion
A new model was proposed based on deep learning 
with word embedding using Word2Vec on the IMDB 
reviews dataset. Multilayered Bi-GRU and Conv were 
used as deep learning methods. The proposed model 
uses 6 Bi-GRUs followed by 2 Conv. During the experi-
ments, the data set was used as 80%-20%-10% and 70%-
30%-10% training-test-validation splits, and the results 
are presented in two separate tables (Table 7, Table 8). 
As expected, it was seen that results with higher 

accuracy were obtained in the 80%-20%-10% split, 
which has larger training data.

The proposed model was found to have a 95.32% 
training accuracy, 94.67% validation accuracy, and 
95.34% test accuracy with a vector size of 300 in the 
Word2Vec Skip Gram method. These values yielded 
a higher performance compared to state-of-the-art 
studies.

One of the reasons for this performance increase is that 
Word2Vec works more efficiently with Skip Gram, which 
uses the sum of probabilities of the surrounding words to 
the left and right of the target word, unlike CBOW, which 
uses distributed representations of context to predict the 
word in the middle of the window. Another reason is that 
the increase in the vector dimension has a positive effect 
on the classification.

According to the results of both the literature stud-
ies and the proposed model, it was seen that multilay-
ered and hybrid models gave better results compared to 
single-layer neural network models. It is recommended 
that those who will conduct research in this field use 
neural network architectures in multilayer and hybrid 
structures.

Future studies should investigate the effects of dif-
ferent deep learning models on sentiment analysis 
performance with different word representation meth-
ods and different classifiers In future work, we will be 
looking at hybrid approaches to investigate the affects 
of different learning techniques such as supervised and 
semi-supervised learning methods on enhancing the 
sentiment analysis accuracy.
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