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how different  techniques with  different  parameter  combinations  react  to  certain  types  of data. 

Convolution obtained the best results when dealing with complex data inputs, and long short‐term 

layers kept a memory of data, allowing inputs which are not as common to still be considered for 

decisions. The models that resulted from Stock Market Sentiment Analysis datasets were applied 

with some success to real‐life problems. The best models reached accuracies of 73% in training and 

69% in certain test datasets. In a simulation, a model was able to provide a Return on Investment of 

4.4%.  The  results  contribute  to  understanding  how  to  process  Big Data  efficiently  using Deep 

Learning and specialized hardware techniques. 
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Abstract: The volume of data is growing exponentially and becoming more valuable to organizations
that collect it, from e-commerce data, shipping, audio and video logs, text messages, internet search
queries, stock market activity, financial transactions, the Internet of Things, and various other sources.
The major challenges are related with the way to extract insights from such a rich data environment
and whether Deep Learning can be successful with Big Data. To get some insight on these topics,
social network data are employed as a case study on how sentiments can affect decisions in stock
market environments. In this paper, we propose a generalized Deep Learning-based classification
framework for Stock Market Sentiment Analysis. This work comprises the study, the development,
and implementation of an automatic classification system based on Deep Learning and the validation
of its adequacy and efficiency in any scenario, particularly Stock Market Sentiment Analysis. Distinct
datasets and several Deep Learning approaches with different layers and embedded techniques are
used, and their performances are evaluated. These developments show how Deep Learning reacts to
distinct contexts. The results also give context on how different techniques with different parameter
combinations react to certain types of data. Convolution obtained the best results when dealing with
complex data inputs, and long short-term layers kept a memory of data, allowing inputs which are
not as common to still be considered for decisions. The models that resulted from Stock Market
Sentiment Analysis datasets were applied with some success to real-life problems. The best models
reached accuracies of 73% in training and 69% in certain test datasets. In a simulation, a model was
able to provide a Return on Investment of 4.4%. The results contribute to understanding how to
process Big Data efficiently using Deep Learning and specialized hardware techniques.

Keywords: Deep Learning; Big Data; stock data; financial markets; social networks; Sentiment
Analysis

1. Introduction

There is currently a growing effort to find ways to take advantage of the capabilities
provided by Big Data using Machine Learning (ML) for insight discovery and to improve
decision making. Big Data can be defined as “significantly large datasets beyond the ability
of traditional database software to store, capture, manage or analyze” [1]. The potential
of these data relies on the ability to extract value from such massive data through data
analytics. Deep Learning (DL) is a subfield of ML that enables performance improvements
through data insights [2,3]. ML algorithms have rarely been challenged as much as by Big
Data in obtaining knowledge.

Big Data offer huge amounts of data and information that ML algorithms can work
with to extract patterns or build analytical models. DL is mentioned as one of the ways
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to overcome some of the challenges of Big Data—in particular, feature engineering, non-
linearity, data heterogeneity, uncertain, dirty, and noisy data [4,5].

Recent advances in the field of neural networks have led to the development of new,
deeply structured architectures and corresponding algorithms that make them attractive
for complex classification problems. In this paper, we propose that Deep Neural Networks
(DNN) could play an important role in extracting value from Big Data. The goal is to
study, develop, and implement an automatic classification system based on DL that can
validate its adequacy and efficiency in any scenario. The use case for which this system
is being developed is the classification of social network users’ sentiments towards stock
market values.

A preliminary version of this paper has been published in [6]. In this version, we
improve the following aspects:

• Detailed explanation of the architectures which were used to build all the Deep
Neural Networks.

• In depth information about the implemented data collection and storage architectures.
• Increased coverage about the experimentation method followed.
• More additional information on the results of the experiments.

The main contributions of this paper are as follows: categorizing how to extract,
transfer, load, store and pre-process Big Data; and becoming familiar with the procedure of
Big Data efficiently using Deep Learning and specialized hardware techniques.

Therefore, the main contributions of this paper in the context of the current state of
the art are as follows:

• Usage of Deep Learning for feature extraction from unstructured data.
• Combining different methods of Deep Neural Networks for Natural Language Pro-

cessing and Sentiment Analysis to infer variations on Stock Data Value.
• Understanding how to process Big Data efficiently using Deep Learning and special-

ized hardware techniques.
• Stock market prediction using Deep Learning.
• Big Data extraction, management, and analysis strategies.
• Understanding how different techniques of Deep Neural Networks act on text data.
• Showing how numerical data can enrich the techniques used for sentiment prediction.
• Understanding how to extract, transfer, load, store, and pre-process Big Data.

The rest of this paper is organized as follows. Section 2 presents some background on
Big Data and Deep Learning topics. Section 3 describes the materials and the methods that
were applied in the development of the experiments. Section 4 describes the experimenta-
tion and evaluation methodologies used. Section 5 presents the results of the performance
assessment of each implemented network, and Section 6 presents the discussion of these
results. Finally, Section 7 systematizes our main conclusions and identifies some future
work opportunities.

2. Big Data and Deep Learning Background

In this section, we introduce the concepts of Big Data and Deep Learning. Both these
concepts are relatively recent. In just the past 5 years, Deep Learning has been adopted in
diverse areas, driving rapid progress in such different fields as computer vision, natural
language processing, automatic speech recognition, reinforcement learning, and biomedical
informatics. Big Data is a concept that has found wide adoption in recent years, as a result
of the massive quantity of data generated every day. In the next subsections, we explain
both these concepts in more detail.

2.1. Big Data and Sentiment Analysis

Big Data is defined by various characteristics (3, 5 or 7 V’s) by different authors or
organizations, each being defined to deal with Big Data contexts in a better way.
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Sentiment Analysis has emerged as an important research area due to the wide use of
social media platforms. As a result, a large body of literature can be found on Sentiment
and Emotion Analysis. For example, in [7], a Machine Learning approach for the automatic
detection of emotions from the text posted on social networks was proposed. Characteristics
such as Volume, Velocity, Variety, Veracity, Variability, Value, and Visualization have an
extra influence on SA models [8].

• Volume: The capacity to process massive data remains a critical challenge. Massive
data volumes can complicate the efficiency of SA methods. Most SA methods are
implemented for serial computation [9,10], which degrades performance when data
reach certain sizes. Parallel processing is a possible solution that can allow adaptability
to scale to dataset size. MapReduce and other MapReduce-like models are such
techniques [11]. Spark is one of these MapReduce-like models capable of parallel
processing [12] and is mainly aimed at Machine Learning and interactive queries. It
was developed to take advantage of Resilient Distributed Datasets (RDD) to achieve
performance improvements over the classical MapReduce [13]. Storage techniques
such as Distributed File Systems (DFS) have been developed to reliably store very
large data sets. By distributing storage and computation across many servers, the
resources can grow with demand while remaining economical [14–16]. Data noise and
inconsistency is another issue that grows with big datasets.

• Velocity: This refers to the speed of data generation. Big Data does not rely only
on static datasets but also on data streaming in real-time (or near real-time). It is
important for SA to consider not only batch processing but continuous processing to
cover all possible data sources. New technologies have emerged for the various stages
of Big Data, ranging from data extraction to data analysis. Tools such as Spark allow
continuous data streaming [17].

• Variety: Big Data can have a variety of content, which can be structured or not. It
is important to train SA models with different types of data to expand their ability.
Another variety aspect is that text data (i.e., social network data) may not respect
syntax and orthography rules and may include made-up words, strange expressions,
or even emojis. These characteristics can impair systems that rely on grammars of
unified languages [8].

• Veracity: Data must be accurate and valid; otherwise, using corrupted data will result
in an invalid model that cannot provide reliable insights. Different sources of data can
cause some issues in terms of data quality and reliability. Data from social networks
contain considerable noise, which can result in meaningless results [8].

• Value: Value in data can be hidden and difficult to find. Sentiment Analysis that
does not adapt to the nature of data being processed may find it difficult to reach the
right level of performance. The real value lies in selecting the best model to follow for
analysis and the best data as well [8].

• Variability: Continuously produced data may continuously change meaning. For
example, in social network data, a user’s opinion may change with time, and users
may continuously update their intents. Being able to adapt to these changes is very
important. Another issue is that words may have different meanings depending on
their context. To address this, contextual dictionaries may provide some support [8].

• Visualization: The value and output must be seen and understood. Data visualization
allows complex analysis to be displayed in simple ways. SA models are still lacking in
terms of visualization. There are other interesting aspects than the number of messages
being processed that should be taken into consideration [8].

Sentiment Analysis is usually performed based on textual data. This kind of data
cannot be used in its raw form. In [18], a five-step plan is proposed from data extraction to
classification:

1. Preprocessing, by tokenizing text, removing noise and unnecessary tokens, and then
finding the root of each token.
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2. TF-IDF Feature Extraction, where sentences are transformed into a Bag of Words by
counting and normalizing the tokens and then weighing the tokenized words using
the term frequency-inverse document frequency. TF is the term frequency of a token
and IDF is the number of phrases containing a certain term.

3. Word Embedding Feature Extraction—a technique of representing a word into a fixed-
size vector with the help of contextual information. GloVe [19] and Word2Vec [20] are
widely used frameworks for this effect.

4. Feature Fusion, combining the results of TF-IDF that have syntax and context infor-
mation with the results of Word Embedding Feature Extraction.

5. Classification, using machine learning classifiers such as Support Vector Machines
(SVM), Random Forrest (RF), K-Nearest Neighbors (KNN), or even Deep Learn-
ing (DL).

More proposed Sentiment Analysis methods include the use of complex input struc-
tures, such as in the Improved Word Vector [21]. This structure combines word embedding
vectors based on NLP techniques, lexicon-based approaches (lists of phrases and words that
have polarity scores), word position algorithms as well as GloVe and Word2Vec methods.
The result is a complex structure that can then be provided for a Deep Neural Network.

2.2. Deep Learning

Deep Neural Networks (DNN) are more complex versions of Artificial Neural Net-
works (ANN). ANN is an umbrella term, the name of which was inspired by how biological
neural processing works, simulating the way the brain processes information [11]. DNNs
consist of multilayer interconnected nodes containing more than one layer of hidden layer
nodes. Multiple hidden layers enable parameter learning and classification in the same
network. DNNs get their name from the number of hidden layers they have. DNNs can
be trained in a supervised training mode, where the target attribute to be predicted or
classified is present in the training data, or in an unsupervised mode, where the training
data are automatically generated from unlabeled data with little human intervention [4].

Deep Learning is used extensively in image and video processing for image recognition
systems because of its ability to resolve these complex data types into a series of nested,
simple mappings, each described by a single layer of the model [2]. Convolutional Neural
Networks (CNNs) are mainly used for image and video processing and are a subtype of
DNNs inspired by the visual cortex of animals. They break down an input into smaller
parts (e.g., a 32-pixel image is analyzed 5 pixels at a time) to keep the size of the network
manageable [12]. Table 1 shows some DNNs and their main applications.

Table 1. Comparison of DNN usage.

Image Processing NLP Dimensionality
Reduction

Auto Encoder X

Convolutional NNs X X X

Long-Short Term Memory X X

Gated Recurrent Units X X

Recursive NNs X X

DNNs such as Auto Encoder are unsupervised learning algorithms used for efficient
dimensionality reduction. They are ANNs with multiple hidden layers used to learn
features before proceeding to classification, all in the same network [13].

Recursive Neural Networks (RvNNs) are also DNNs. What makes them recursive is
their architecture, which allows the recursive application of the same set of weights within
a structural environment. RvNNs have a special oblique tree structure that allows RvNNs
to work well in NLP [22].
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CNNs are hierarchical architectures that are well suited for position-invariant feature
extraction [23]. CNNs are not much associated with NLP per se, but when used with
position encoders, they have been shown to be useful for NLP classification. CNNs use
convolutional layers, pooling layers, and Fully Connected layers to process data [24].

Recurrent Neural Networks (RNNs) are a subtype of RvNNs with a specific structure.
Since NLP depends on the order of words or sentences, it is useful to have a “memory” of
previous elements when processing new elements due to backward dependencies (e.g., the
semantic meaning of a word may depend on the words before or after it). RNNs achieve this
by combining the outputs of two layers to allow the analysis of phrases in both forward and
backward directions, also known as Bidirectional Recurrent NN [25]. Another mechanism
by which the capabilities of RNNs can be enhanced for NLP is the use of Long Short-Term
Memory (LSTM), in which single recurrent nodes are exchanged for multiple individual
neurons (interconnected nodes) that are linked in such a way that they retain, forget, or
expose important information [22]. The Gated Recurrent Unit (GRU) is a subcategory
of LSTM that does not contain a separate memory cell [26]. An LSTM cell controls the
exposure of its memory to the other cells in the network, while the GRU always exposes
all memory.

Another characteristic that can allegedly improve the performance of Deep Learning
on text data is the use of an attention mechanism. These mechanisms allow an NN to focus
on certain aspects of the input and filter out noise [27].

These different NN techniques have been used in various works with some success.
Using CNNs, LSTM, and GRU alone gave good results with social network data [28]. From
individual implementations, hybrid models were developed that combined CNNs with
both GRUs and LSTMs. For this particular use case, the application of a CNN for sentiment
analysis and an LSTM for numerical data analysis proved to be successful [29]. This is the
basis on which the work in this paper has been developed.

3. Materials and Methods

The proposed approach consists of the following three phases:

• Phase 1: Select an existing dataset that had already been processed and used in other
works. These data are used to train seven networks, each with different combinations
of neural layers (CNN, LSTM, GRU, CNN-LSTM, CNN-GRU, CNN-BiGRU and CNN-
LSTM with Stock Indicators). These networks are then used for sentiment analysis
related to stock value changes.

• Phase 2: Collect data from different social networks and store them in DFS. These data
are then used to test the models obtained in the training phase.

• Phase 3: Two trading simulations based on the two best models in the test phase. To
validate if there is any value in the information which is used for testing and training,
there is a baseline added to the simulation where 1000 USD is invested on the first
day of the simulation and only removed on the last day, following the movement of
the markets.

The next sections describe the experimental setup, Deep Learning architectures, data
collection, storage, and finally, the methodology used in the experiments.

3.1. Experimental Setup

For the development of the proposed algorithms, we used Python version 3.8 running
on a Windows AMD Ryzen 5 3600 computer with 16 GB of memory, an NVIDIA RTX 3070
GPU, and 4 TB of disk space. The implementation of the different algorithms was based on
TensorFlow in Keras and assisted by Jupyter Notebooks.

For the proposed Big Data storage architecture, we used the Windows Subsystem for
Linux (WSL), where Spark 2.3 and Hadoop 3.3.0 were installed and configured to work
with each other.
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3.2. Deep Learning Architectures

Keras was selected for the implementation of the Deep Learning algorithms. As
this is a Python-based framework, Jupyter Netbooks were used as a workbench for the
development and testing of the different architectures, as they allow small snippets of the
code to be executed, permitting the debugging of the implemented code.

3.2.1. CNN-Based Architecture

The implemented CNN architecture shown in Figure 1 was based on the Improved
Word Vector Architecture [21]. The name Improved Word Vector comes from the fact that
the input to a DNN is a tensor made up of various word embedding techniques, such
as Natural Language Processing, Lexicon-Based approaches, word position, Word2Vec,
and GloVe methods. The Lexicon2Vec array, which is a Natural Language Processing
technique that outputs the polarity of words, was implemented using six different lexicons
as employed in the original work [21]. The Part-Of-Speech Vector tagging, which consists
of the context of each word in a phrase as a function of its neighbors, was implemented
using a Python framework and concatenated to the Word2Vec/GloVe array. The word
position comprises simply a vector that contains the location of a word relative to the start
and the end of a phrase. The Word2Vec/GloVe embedding was done using pre-existing
bags of words mapped to arrays with size 300. This was done by mapping words to the
correspondent array in Word2Vec, and then, if not present in Word2Vec, in GloVe. If neither
of these dictionaries contained the word, a random array of size 300 was then generated.
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The input for this model was a multi-dimensioned tensor that concatenates the embed-
ding of each word, using the methods referenced above. To make it possible for the Neural
Network to process these inputs, each sentenced then had to be padded. This resulted in a
tensor with a standard size for each dimension.

The Neural Network itself consisted of an input layer, followed by four convolutional
layers (one more than the one employed in the original work) all with the Rectified Linear
Unit (ReLU) activation. The next layer performed Max Pooling, which pools the highest
values from the convolutional layer output. A flatten layer reduced the dimensionality
of the tensors in the network. Following this were two Fully Connected layers, one with
100 units and a ReLU activation that was then fed to a simple Dense layer with only 2 units
and a Softmax activation. The output was a two-dimensional array with the probability of a
phrase being 0 or negative sentiment and 1 corresponding to positive sentiment. Figure 1
contains a graph describing the implementation flow.

For the hyperparameter definition, some tunning effort was involved to find the best
parameters, which consisted in testing different configurations and selecting the configu-
ration with the best accuracy and loss results. Table 2 has the list of the hyperparameters
used in the definition of this network. In total, 200 epochs took place inside two cycles as
per the nCV training methodology. The outer cycle was repeated 5 times—the same as the
inner cycle.
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Table 2. CNN hyperparameters.

Hyperparameter Value

Number of Hidden Layers 8

Dropout None

Activation function—Conv1D ReLU

Learning Rate 1 × 10−4

Epochs 60

Batch Size 200

3.2.2. LSTM-Based Architecture

The implemented LSTM Neural Network (in Figure 2) consisted of two distinct inputs.
The first was based on the GloVe embedding method which, as in the CNN architecture,
consisted of arrays of 300 elements, as opposed to the architecture used in the original
work that contained only 100 elements. The second input was based on semantic word
embedding made up of arrays of 50 elements.
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The constructed Neural Network was built with embedding layers that worked as
lookup tables, where each entry mapped to an embedding array. To do this, it was necessary
to build a vocabulary, which was a map of numbers, each attributed to a different word.
Only the 10,000 most common words were included in the vocabulary. In the GloVe
embedding layer, the embedding arrays for each word of the vocabulary were entered into
a list and ordered according to the order of the vocabulary. This list was then assigned
as the weights of the embedding layer, which could not be trained in order to not change
the pre-assigned values. The embedding layer, however, was trained, as it was built as an
empty layer.

Both branches of embedding were assigned with an LSTM layer that connected to
a fully connected Dense layer. There was a need for a Global Average Pooling between the
dense and LSTM layers due to the dimensionality of the data. The Dense layer outputs
were then concatenated and passed to two more fully connected Dense layers, one of them
a Leaky ReLU layer. The output layer was also a Dense layer that differed from the one
implemented in [30], as it was a binary sigmoid activated layer, producing only the values
0 and 1 for positive and negative sentiments, respectively. There were also two dropout
layers that were added to avoid the overfitting of the model. Figure 2 contains a graph
describing the implemented LSTM Neural Network.

The hyperparameters were not listed in the original paper, so there was some tunning
involved to find the best parameters, which consisted in testing different configurations
and selecting the configuration with the best accuracy and loss results. Table 3 has the
list of the hyperparameters used in the definition of this network. The 150 epochs took
place inside two cycles as per the nCV training methodology. The outer cycle was repeated
8 times and the inner cycle 10.
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Table 3. LSTM hyperparameters.

Hyperparameter Value

Number of Hidden Layers 10

Dropout 20%

Activation function—LSTM TanH

Activation Function—Dense ReLU/Sigmoid (last hidden layer)

Learning Rate 1 × 10−2

Epochs 150

Batch Size 300

3.2.3. GRU-Based Architecture

The GRU implementation shown in Figure 3 used an Attention Layer. The input,
much like the NN in the previous section, was obtained by embedding the words using
an embedding layer with embedding arrays from GloVe. However, this needed higher
dimensionality, as there were two distinct encoding moments: one for words and the other
for sentences. Consequently, we added a size 1 dimension level to the tensor to account
for this. This architecture was developed for whole bodies of text as opposed to the single
sentences obtained for the training phase dataset.
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The Time Distributed layer was added to make it possible to analyze lower dimen-
sions of the input—iIn this case, the word dimensions, and inside it the embedding, the
bidirectional word GRU, and attention layers, including also a Dense fully connected layer
with ReLU activation. The output of the Time Distributed layer was then passed to a similar
network as the one it contained for sentence level encoding. There was also the addition
of a dropout layer to avoid overfitting. The last Dense layer consisted of a sigmoid, which
resulted in a binary output, where 0 is negative sentiment and 1 is positive sentiment.
Figure 3 contains a graph illustrating the implementation.

The hyperparameters were not listed in the source paper and were obtained by tunning
the model, which consisted in testing different configurations and selecting the configu-
ration with the best accuracy and loss results. Table 4 has the list of the hyperparameters
used in the definition of this network. The 150 epochs took place inside two cycles as per
the nCV training methodology. The outer cycle was executed 10 times—the same as the
inner cycle.
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Table 4. GRU hyperparameters.

Hyperparameter Value

Number of Hidden Layers 6

Dropout 50%

Activation Function—GRU TanH

Activation Function—Dense ReLU/Sigmoid (last hidden layer)

Learning Rate 1 × 10−3

Epochs 150

Batch Size 300

3.2.4. Convolutional and GRU-Based Architecture

Two Neural Networks were built using a combination of Convolutional and GRU nodes:

• One with a bidirectional GRU (Figure 4) (BiGRU).
• The other with separate forward and backward-oriented GRUs (Figure 5), which

changed the attention layer inputs and the number of attention layers needed.
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There was a need for two networks in the separate GRU, where each gave attention
to either the forward GRU or the backward GRU, and one only for the Bidirectional
GRU, which resulted in the attention mechanism being applied only to the bulk of the
BiGRU outputs.

The embeddings were obtained by using GloVe encoding [31]. The convolutional
layers were implemented with the ReLU activation function in both networks, and the
GRUs were implemented with TanH activation [32].

The output layer was a Dense Fully Connected layer with a sigmoid output that output
1 if the sentiment was positive and 0 if it was negative. Figures 4 and 5 contain graphs
representing the two implementations.

The hyperparameters were not included in the source materials, so they were selected
by testing different configurations and selecting the best performers. Table 5 shows the
list of the hyperparameters used in the definition of both networks. The 150 epochs took
place inside two cycles as per the nCV training methodology. The outer cycle was executed
10 times—the same as the inner cycle.



Sensors 2022, 22, 4409 10 of 25

Table 5. CNN-GRU and CNN-BiGRU Hyperparameters.

Hyperparameter Value

Number of Hidden Layers 7

Dropout None

Activation Function—GRU TanH

Activation Function—Conv1D ReLU

Activation Function—Dense Sigmoid

Learning Rate 1 × 10−3

Epochs 150

Batch Size 300

3.2.5. Convolutional and LSTM-Based Architecture

For the CNN and LSTM Neural Networks, two different concepts were tested:

• The first one, much like the previous implementations, consisted of using only the
news data.

• The second approach used numerical information in the form of stock values to enrich
the results obtained from the analyzing the same news data [29].

Figure 6 presents the first approach, which used an embedding method such as
GloVe and passed the outputs to a convolutional layer. Next, data were passed through
a fully connected Dense layer and in the end to a bidirectional LSTM (BiLSTM) which
was connected to two different attention mechanisms for forward and backward LSTM
processing. The output was a sigmoid Dense fully connected layer, producing a binary
result: 1 for positive sentiment and 0 for negative. Figure 6 contains a graph illustrating
the implementation.
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The source code included the hyperparameter information, but further testing with
different configurations resulted in the parameters in Table 6. The 150 epochs took place
inside two cycles as per the nCV training methodology. The outer cycle was executed
8 times and the inner cycle 10.

Table 6. LSTM-CNN hyperparameters.

Hyperparameter Value

Number of Hidden Layers 9

Dropout None

Activation Function—LSTM TanH

Activation Function—Conv1D ReLU

Activation Function—Dense ReLU /Sigmoid (last layer)

Learning Rate 1 × 10−2

Epochs 150

Batch Size 300
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Figure 7 contains the graph of the second approach, which used the same dataset that
was used in this paper for training all the implementations. Data consisted of date-marked
headlines from 2008 to 2016 extracted from Reddit. However, this approach changed the
input format needed, as it contained three different inputs—one for each timeframe (month,
week, day) of headline data—and there was an added input of the DJIA stock values (open,
close, high, and low) as well as seven different indicators based on these values which are
used by stock traders in their investment strategies.

Table 7 contains the hyperparameters used in the training of this model. The 150 epochs
were repeated 1990 times, since the model used an incremental training model, where
each cycle corresponded to a day in terms of training data. The batch size was 1; however,
that input contained three distinct structures—one of which had data for the last 30 days,
another for 7 days and the last for the present day—due to the way in which data were
structured for the input of this network.

Table 7. CNN-LSTM SI hyperparameters.

Hyperparameter Value

Number of Hidden Layers 15

Dropout None

Activation Function—LSTM TanH

Activation Function—Conv1D ReLU

Activation Function—Dense ReLU/Softmax/Sigmoid

Learning Rate 1 × 10−8

Epochs 150

Batch Size 1

The implementation in Figure 7 shows the Neural Tensor Layer implementation—one
for each time level (month, week, and day). After a global pooling layer, the NN fed
convolutional layers which were then concatenated. Another concatenation occurred with
the result of the LSTM layer, which processed stock indicators. Those indicators contained
data for the last 30 days. The output of this neural network was binary, where 1 meant
there was a positive sentiment and 0 a negative one. The hyperparameters were defined
according to the parameters proposed in the source work [29], as there was no significant
variation in results with the different configurations tested. Due to the nature of this
architecture being based on daily, weekly, and monthly data, a time-based approach was
taken for training instead of randomly shuffling the data.

3.3. Data Collection and Storage

The Deep Learning models were trained using a curated dataset, containing Reddit
news headlines with the sentiment value, which was inferred from the difference between
closed and open values of the stock markets for the DJIA index [29]. This dataset was
already used in other research papers, so there was no need to collect and prepare any data
for the training phase, as they were in a text format, ready for use. The test phase, however,
relied on data collected from social networks and stock data trackers.

For the validation phase, in which there was an in-depth performance comparison of
the different models, external sources were used. The objective was to understand how
each model reacts to different scenarios.

Using Big Data technologies, such as Spark, Hadoop/HDFS, and Hive, it was possible
to implement a data warehouse. Data were extracted from Twitter and Reddit on an hourly
basis, and the Yahoo! Stocks API produced the daily stock values for four different indexes
(DJIA, BTC, AAPL, and TSLA). In Figure 8, we can see the resulting architecture for the
Big Data storage. Three different applications queried three different APIs (Twitter, Reddit,
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and Yahoo! Finance) and wrote the resulting responses to the HDFS cluster using Spark
as the engine for the write operation. Hive stored the metadata of the tables in HDFS in a
MySQL database, which allowed it to keep track of tables, columns, etc. Spark acted as
the engine for Hive as well. Hive queries were executed within Spark and their result then
sent back to Hive. These queries helped to update the metadata tables in MySQL.
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In the training phase of the binary classification problem, we used the dataset described
in Figure 9. This dataset contained three different tables [29]:

• One including Dow Jones Industrial Average (DJIA) information, with the Date, Open,
High, Low, Close, Volume and Adjusted Close attributes for the DJIA index. This table
had 1990 lines.

• Another comprising Reddit news headlines, containing only Date and News columns,
with 74,377 lines.

• A table that combined the information of the previous two, containing 1990 rows, each
comprised of the date, the sentiment (1 for positive, 0 for negative) of the day, and up
to 25 different news headlines, extracted from Reddit for each date.
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These data were transformed into a structure that mapped each new headline to
a single row; thus, there were various rows for a specific day, each with a particular
news headline.

For phase 2 of the binary classification problem, the subsets in Table 8 were used,
which were produced from the datasets in Figure 10. From three different sources, stocks,
tweets, and Reddit titles were collected. Stocks were combined with both Reddit and
Twitter data. From Twitter, we extracted tweets mentioning four different Stock Indexes
(AAPL, BTC, DJIA, and TSLA). From Reddit, we extracted post titles from three different
Subreddits that discuss stock values.

Table 8. Collected dataset description.

Subset Number of Sentences Number of Days Origin

AAPL 21,936 12 Twitter

BTC 14,600 18 Twitter

DJIA 12,640 12 Twitter

TSLA 22,800 12 Twitter

Stocks 21,132 25 Reddit

Stock Market 21,203 28 Reddit

Wallstreetbets 20,270 15 Reddit

All reddit data 62,605 28 Reddit
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Each tweet was related to the stock index it represents, resulting in four different tables.
Reddit data were all related to the DJIA index, so each subreddit was used to differentiate
data into datasets. The profit/loss for each day was calculated by subtracting the closing
and the open prices for the stock data. When the result was a negative value, the sentiment
for all sentences of a certain day was labeled as negative. When the result was positive, the
sentiment was labeled as positive.
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All networks, apart from CNN–LSTM with Stock Indicators (CNN–LSTM SI), were
trained and tested using sentence data as input, since this was the required input. The
difference in the training method for CNN–LSTM SI was due to the usage of numerical
indicators, which contained the open, closed, high, and low values of stock indexes. Ap-
pended to them were a list of analytic formulas used as a guide by professional traders,
which are presented in Table 9.

Table 9. Stock indicator formulas.

Feature Formula Feature Formula

Stochastic %K Ct−LLn
HHn−LLn

William’s %R Hn−Ct
Hn−Ln

× 100

Stochastic %D ∑n−1
i=0 %Kt−1

n
A/D Oscillator Ht−Ct−1

Ht−Lt

Momentum Ct − Ct−n Disparity 5 Ct
MA5

× 100

Rate of Change Ct
Ct−n

× 100

Different data sources show how algorithms behave under different conditions. This
is related to the variety of characteristics of Big Data in the way that as data may vary
in various forms and come from different sources, they can also have different contexts.
Having multiple sources and multiple algorithms to test can give a clearer representation
of how and if Deep Learning can overcome this specific aspect.

3.4. Development Methodology

Nested Cross Validation (nCV) is the technique that was used to create and train
the eight networks. This approach iterates over data several times, consisting of two
nested cross-validation cycles [33,34], where the inner cycle outputs the model’s best
hyperparameters, as shown in Figure 11. Data must be dynamically divided into training
and validation sets to be fed to the Tensorflow framework, which uses the data on its
feedback and feedforward loops, delivering a better fit during training. At the end of the
inner loop, the selected model is used to classify the test data, which allows us to calculate
the accuracy and loss of the model.
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Due to its specific nature, the CNN–LSTM SI network was trained with an adapted
nCV method. The input of this algorithm consists of four different multi-level matrices.
The first contains the record data for the day to be analyzed. The second and third contain
aggregations of the data for the previous week and month of record data, respectively.
The last one contains the stock value indicators. This means that the algorithm must be
handled like a time series classifier, as shown in Figure 12. Using this behavior, training
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is performed incrementally, with each iteration containing all the data from the previous
iteration (if it is possible to keep it in memory). Apart from the CNN algorithm, all the
others have been implemented with embedding. This allows the creation of a vocabulary
of the n most popular words in a dataset, with each word assigned to a number. GloVe
can then be used to convert these numbers into arrays. The arrays consist of relationships
between words defined by numbers. This conversion takes place at runtime so that the
huge data arrays do not have to be kept in memory.
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CNN uses a complex input structure, comprised of various embedding techniques,
such as GloVe. The embeddings translate to numerical data the metadata associated with
the position of words in a sentence, meaning, and other factors [28]. This method provides
context to the neural networks with the disadvantage of a higher memory requirement.

To select the best hyperparameters for each implemented algorithm, each of them was
run several times with different configurations. The configuration with the best results was
used in terms of hyperparameters.

The use of these distinct implementations allows a broader view of how different Deep
Learning techniques affect the results of Big Data analysis. It is possible to see that some
techniques have advantages and disadvantages, both in terms of training time, accuracy,
and other metrics.

4. Experimental Evaluation

This section describes the experimentation and evaluation methodologies used in the
experiments.

4.1. Experimentation Methodology

The experiments were divided into three distinct phases, as shown in Figure 13:

- The training phase output the accuracy, loss, and training time of each algorithm. In
this phase, only the Reddit Stock Headline dataset was used, as it had already been
pre-processed.

- The second phase consisted of the evaluation of the models with different test data.
These evaluations output the accuracy, precision, sensitivity, fallout, specificity, F1
score, and MCC. The datasets used in this phase were the AAPL, BTC, DJIA, and
TSLA created from Twitter data, as well as Stocks, Stock Market, and Wallstreetbets
from Reddit, plus an extra one with a mix of all Reddit data.

- The third and last phase consisted of the real-world scenario simulation of the best
model on two distinct datasets.
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All the models except the CNN–LSTM with stock indicators evaluated the sentiment
of phrases in relation to the stock market individually. CNN–LSTM with stock indicators
evaluates the aggregate sentences for a whole day, as well as the sentences before that day,
so it is the only model ready for real-world trading simulation. For the other models, in
case they ended up being selected, the simulation was done by averaging the predicted
sentiment of all sentences. Since sentiment is a seen as a binary value, if the average is higher
than 0.5, then it is considered as positive sentiment; otherwise, it is considered negative.

4.2. Evaluation Methodology

Machine Learning has a set of key performance metrics that can be used to self-assess
a model. These can be extracted from a confusion matrix. A confusion matrix is a way of
capturing and extracting the significance of predictions and true values. False positives
(FP) are values that were predicted to be positive but are negative. False negatives (FN) are
values that were predicted to be negative but are positive. True positives (TP) are values
predicted to be positive and are positive. True negatives (TN) are predicted to be and are
negative.

Several indicators can be derived from these metrics, such as Accuracy (ACC), the
ratio of correct predictions to total predictions (1):

ACC =
TP + TN

TP + TN + FP + FN
(1)

Precision (P), the positive predictive value, proportion of positive identifications
which was correct (2):

P =
TP

TP + FP
(2)

Recall or Sensitivity (S), the true-positive rate, the proportion of actual positives
which was correctly identified (3):

S =
TP

TP + FN
(3)

Fallout (F), the false-positive rate, the ratio between the number of negative events
wrongly categorized as positive (false positives) and the total number of actual negative
events (4):

F =
FP

FP + TN
(4)
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Specificity (SP), the true-negative rate, the proportion of negatives that are correctly
identified as such (5):

SP =
TN

TN + FP
(5)

F1 Score the harmonic mean of precision and sensitivity, which is defined as (6):

F1 Score =
2TP

2TP + FP + FN
(6)

Matthews Correlation Coefficient (MCC), a performance metric which focuses on all
four quadrants of a confusion matrix. MCC can be advantageous as it only rewards models
when they have good performance in all quadrants. It produces values between −1 and 1,
where 1 shows complete agreement of correlation and −1 complete disagreement. If the
result is 0, the prediction is said to be uncorrelated with the ground truth (7).

MCC(θ) =
TP × TN − FP × FN√

(TP + FP)(FP + FN)(TN + FP)(TN + FN)
(7)

The use case of this work is related to stock market data, which is why an investment
simulation was made for each trained model. Once the two models with the best perfor-
mance in the test data were identified, they were used to simulate an investment strategy.
The investment strategy was to start with 1000 USD invested on days when the model
predicted positive sentiment. If the model predicted a negative sentiment for a given day,
all the money invested was withdrawn. If a positive sentiment was predicted, all the money
was invested despite there being a loss or a gain compared to the original investment value.

5. Experimental Results

The experimental phase contained the results of the developments and provided
information on how the Deep Neural Networks interact with the data. The training phase
yielded the accuracy, loss, and time of training of each DNN. The test phase yielded a
more complete set of metrics by using the best models produced in the training phase and
exposing them to other data sources and contexts.

The aim of this process is to understand the performance of different techniques
and architectures for sentiment analysis on textual data. The results are explained in the
next sections.

5.1. Training Phase

The training phase was performed using the nCV method described before and was
conducted by applying the method to the data presented in Figure 9. The networks were
trained with all data available at the beginning (divided into train and validation), except
for CNN-LSTM SI, which was trained in steps as a timeframe. Each step incremented the
data used in the model. When the computation limits were used due to the input structure
size, then data were added, and older data began to be removed from the input. The
objective was to take advantage of the “memory” provided by the LSTM layer.

The accuracy and loss obtained at the end of training for all models are shown in
Table 10. The values are the average of accuracy and loss obtained in the end of the training
using the Nested Cross Validation method. The table also contains the training time of
each network.

Accuracy was shown to be extremely good in CNN-LSTM SI compared to the other
models, possibly due to the network input (a mixture of NLP and numerical stock value
data). CNN-LSTM SI achieved the highest accuracy, but at the same time required much
more time for training.

CNN-LSTM (the model without stock index data) shows the worst results related to
loss. This means that it fails to hit significantly more predictions than the other algorithms.
For all other algorithms, the differences seem to be less significant. The next section focuses
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on the models that emerged in the training phase. The tests section is about exposing these
models to new data from different sources and with different contexts.

Table 10. Training indicators.

Algorithm Accuracy Loss Train Time

CNN 0.520 0.125 47 h

LSTM 0.644 0.073 14 h

GRU 0.534 0.025 22 h

CNN-GRU 0.632 0.105 16 h

CNN-BiGRU 0.591 0.093 17 h

CNN-LSTM 0.534 0.233 22 h

CNN-LSTM SI 0.726 0.125 20 days

The CNN-LSTM with stock indicators is capable of a greater accuracy but at the same
time takes much longer to train. In terms of loss, CNN-LSTM (without stock index data)
shows the worst results. This means it fails in considerably more predictions than the other
algorithms. All the other algorithms’ metrics have low significant difference.

5.2. Test Phase

In the test phase, a network of each type with the best accuracy is selected to perform
predictions in different datasets in similar contexts. The test consists of registering the
prediction against the true value. With this information, the confusion matrix of each
analysis is then built.

The list of indicators used in the test phase was extended in relation to the training
phase. Table 11 shows the average of each extracted indicator, obtained by averaging the
results of the different confusion matrices obtained for each network type.

Table 11. Test indicators.

Algorithm Accuracy Specificity F1 Score MCC Precision Sensitivity Fallout

CNN 0.575 0.011 0.727 −0.001 0.577 0.99 0.989

LSTM 0.507 0.396 0.579 −0.003 0.573 0.6 0.604

GRU 0.506 0.449 0.551 0.02 0.574 0.57 0.551

CNN-GRU 0.521 0.302 0.625 0.007 0.579 0.704 0.698

CNN-BiGRU 0.518 0.331 0.611 −0.004 0.574 0.665 0.669

CNN-LSTM 0.525 0.409 0.597 −0.022 0.596 0.601 0.591

CNN-LSTM SI 0.486 0.676 0.366 0.03 0.489 0.316 0.324

CNN shows the highest average accuracy and CNN-LSTM SI the lowest - the opposite
of the results obtained in the training phase. The results obtained with the CNN show that
it is strongly biased towards positive sentiment (Figure 14). Specificity is very low, possibly
due to a low proportion of negatives being correctly identified as such. This is confirmed by
the results for precision and sensitivity (the proportion of positive identifications that were
correct and the proportion of actual positives which was correctly identified respectively).
Fallout is also related to this, as fallout is the ratio between the number of negative events
erroneously classified as positive (false positives) and the total number of actual negative
events. The analysis of the results should not be limited to accuracy alone but should also
consider the other metrics.
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The best accuracy results, excluding the biased CNN, are presented by the CNN-LSTM
model. Although it has the lowest average value, CNN-LSTM SI achieved the best results
in classifying the AAPL dataset, achieving 69% accuracy and 64% accuracy on the TSLA
dataset, which may be due to the use of numerical data for the stock indicators. These
results are shown in Figure 15. CNN-LSTM SI was also the model with the highest variance
for the classification indicators. When using the MCC formula, it gets the highest correlation
coefficient, while CNN gets the lowest—similar to the training results.
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Figures 14 and 15 show different values due to the way the algorithms process data.
CNN processes each sentiment line individually, whereas CNN-LSTM SI processes an
aggregate of the sentiment data for each day.

Table 11 is constituted by the mean values of the experiments for each metric and
for each algorithm. Figure 16 shows the values in Table 11, as well as the distribution of
those values.

Specificity is very low, possibly representing a low proportion of negatives that are
correctly identified as such and has also a wide variance. This may have been a result of
the bias to positive predictions in some models. This is supported by the results for both
precision and sensitivity, the proportion of positive identifications that were correct or the
proportion of actual positives that were correctly identified. Fallout also shows a relation to
this, since fallout is the ratio between the number of negative events wrongly categorized
as positive (false positives) and the total number of actual negative events. Since there is a
bias to positive sentiment, fallout tends to be higher, meaning there are more negatives that
were classified as positive. The F1 Score is intrinsically attached to the value of precision
and sensitivity, since it is the harmonic mean of the two metrics.
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The algorithm selected to run the investment simulation in the following section is
based on the MCC metric, as the results obtained in the accuracy metric favor a biased
model, while the MCC penalizes it (this is supported by the other metrics). This indicator
has a statistically significant different accuracy. CNN-LSTM with stock indicators performed
the best on the MCC metric.

The selected datasets for the simulation are those with the best performance for the
selected model, which incidentally are the best results from all the samples. The first dataset
is the AAPL stock data information—the dataset with the second best MCC and the best
accuracy. The second dataset is the one with the best MCC result and second-best accuracy
- the TSLA dataset. The next section focuses on the simulation of an investment strategy
using the two mentioned dataset’s results.

5.3. Simulation Phase

This section covers the simulation of an investment strategy using the CNN-LSTM
SI model’s prediction results on the AAPL and the TSLA datasets. This simulation was
conducted by applying the best CNN-LSTM SI model obtained to different data from those
used in the test phase, for AAPL and TSLA datasets. For each day, based on the data, the
model outputted 1 or 0—positive sentiment or negative sentiment, respectively. With that
output, the following simulation rules are defined:

• The starting balance is 1000 USD.
• If the predicted sentiment is 1, the full balance is invested.
• If the predicted sentiment is 0, the full balance is removed from the investment and

placed into savings.
• Each time the money is invested, it is done so completely, leaving savings empty.
• In the end, the profit or loss is obtained by calculating the difference between the

remaining balance and the initial investment.
• The Return on Investment (ROI) is the profit or loss divided by the initial investment.
• As a baseline, 1000 USD is invested in the first day and never removed.

Table 12 contains a summarized version of the results of this simulation.

Table 12. Summary of the simulation.

Simulation Baseline ROI Model Strategy Model Strategy ROI

TSA 1091.49$ 9.1% 1043.95$ 4.4%

AAPL 970.09$ −3.0% 979.04$ −2.1%

The algorithms, for both scenarios, followed the same trend that each index did in the
analyzed period, between 13 September 2021 and 28 September 2021. The AAPL index
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decreased 3% in value, while the TSLA increased 9.1% as shown by the simulation baseline.
The AAPL ROI was higher than the baseline but still ended in negative profit. Meanwhile,
the TSLA ROI was smaller than the baseline but ended with positive profit. These results
indicate that the model ended up smoothing the risk associated with the investment.

6. Discussion of the Results

These results clarify which techniques work better in this specific situation and are
a study case for both NLP in Deep Learning as well as for the usage of Deep Learning to
process Big Data datasets. However, it is clear that some more study and more fine tuning
is needed to better understand the possibilities of using these techniques.

Figure 17 shows the CNN–LSTM SI model training pattern (over 20 days). Accuracy
on training data (orange line) stabilized near 100%. Accuracy on validation (blue) data
was much more volatile. This may be a symptom of the training strategy used, where new
data were added in batches, instead of providing the full dataset from the beginning. The
accuracy on test data was 73%—the highest in all models. This graphic shows an irregular
behavior on validation data, dipping frequently, which suggests overfitting issues during
training.
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Figure 17. CNN-LSTM with Stock Indicators accuracy (the orange line represents accuracy on training
data and the blue line accuracy on validation data).

To support this theory, we have the loss function for the same model (where the line
colors represent the same datasets as in the accuracy graph) in Figure 18. A non-overfitted
model would have both the validation as the training graphs converging towards 0 error,
which is not the case.
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Figure 18. CNN-LSTM with stock indicators loss (the orange line represents loss on training data and
the blue line loss on validation data).

Considering all the results presented above, it was possible to conclude that some
DL algorithms demand unfeasibly complex data structures, which are too big to cache in
RAM. This can be avoided by separating data in batches, using them to train the networks
in incremental intervals. This method is the cause of the higher training time associated
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with the CNN-LSTM SI algorithm, which is a clear outlier when compared to the rest. This
could influence the construction of a neural network, as well as the method used to train it.
In this case, this technique was used since the algorithm acts as a time series classifier.

Figure 19 shows an example of a different network, which was trained with the
traditional Nested Cross Validation method. We can see there are some spikes in the blue
line (validation data), which are much smaller than those in the CNN-LSTM SI graphic,
which seems to indicate that this network did not overfit. This may have to do with a better
selection of hyperparameters, a less complex input, or even the fact that the model had the
whole dataset available (divided into train and validation several times) during the training
phase, opposed to the CNN-LSTM SI, where the data available increased with the epochs.
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When comparing the test data results, the average accuracy results penalize the
CNN-LSTM SI, possibly due to overfitting during training, even though it was the best
performer in training and in isolated tests (testing the AAPL and TSLA datasets). It was
also the network with the highest standard deviation in terms of result metrics. This could
indicate that further hyperparameter tuning or even adjusting the network is necessary, by
adding more memory layers (LSTM) after Convolutional and Pooling layers, so that older
information is not discarded in favor of new information in the batch progression.

The simulation shows the potential of the models, which were able to both decrease
the profits in relation to the baseline and at the same time decrease losses. The simulation
was run from 13 September 2021 to 28 September 2021, which is an objectively small
timeframe. Running the simulation for a longer period could yield different results and
could allow an analysis of the model regarding whether it is correctly predicting sentiment
or just guessing.

Reddit and Twitter data used in the test and simulation phases were not properly
moderated by specialists in the subject in analysis. This may have influenced the results
obtained by analyzing this data, since there is no proven correlation between the stock
values and the sentiments in both these sources. However, the data seemed to have some
value, since the simulation, performed using a DL model trained with them, returned a
profit in one of the scenarios and smoothed the loss in the other.

7. Conclusions and Future Work

In this paper, we have provided an overview on the usage of Deep Learning on
unstructured data and how to process Big Data efficiently using specialized hardware
techniques. We described how different techniques of Deep Neural Networks act on
sentence data producing Sentiment and how numerical data can enrich the techniques used
on sentiment data analysis.

For stock market values, this work contributes by describing different methods of
DNNs and their outputs for this type of data. A generalized DL-based classification



Sensors 2022, 22, 4409 24 of 25

framework for stock market Sentiment Analysis was proposed. This work also included
the study, the development, and the implementation of an automatic classification system
based on DL and the validation of its adequacy and efficiency in any scenario, particularly
stock market Sentiment Analysis. An assessment of Big Data management, processing, and
extraction techniques were also presented. We also explained how to extract, transfer, load,
store, and pre-process Big Data.

In upcoming work, the usage of sentiments by professional stock traders may provide
more accurate results and improve classification performance. Using other contexts for
training would also provide different results, since these models have been trained in a
single stock index context (DJIA), with sentiment obtained from Reddit news headlines data.
DJIA is an aggregate of different stock value indices, which makes it a stable stock, with
small value changes. This also means that its value usually increases with time, influencing
the algorithms as well, creating a bias that all stock indices will increase eventually. The
experimental results using a Deep Learning model demonstrated a profit in one of the
scenarios and smoothed the loss in the other. Therefore, this work improves stock market
prediction using Deep Learning.

As future work, we intend to use data streaming technology to create near real-time
models. In addition, we propose the implementation of multiple nodes for DFS as well
as Spark.

Author Contributions: Conceptualization, A.M.M. and J.B.; methodology, A.M.M. and J.B.; experi-
mental setup, F.C.; validation, A.M.M. and J.B.; formal analysis, A.M.M. and J.B.; investigation, F.C.;
resources, A.M.M.; data curation, F.C.; writing—original draft preparation, F.C.; writing—review
and editing, F.C., A.M.M. and J.B.; visualization, F.C., A.M.M. and J.B.; supervision, A.M.M. and
J.B.; project administration, A.M.M. and J.B.; funding acquisition, A.M.M. All authors have read and
agreed to the published version of the manuscript.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Wang, W.Y.C.; Wang, Y. Analytics in the era of big data: The digital transformations and value creation in industrial marketing.

Ind. Mark. Manag. 2020, 86, 12–15. [CrossRef]
2. Lecun, Y.; Bengio, Y.; Hinton, G. Deep Learning. Nature; Nature Publishing Group: Berlin, Germany, 2015; pp. 436–444. Available

online: http://colah.github.io/ (accessed on 25 January 2021).
3. Ahad, M.A.; Tripathi, G.; Agarwal, P. Learning analytics for IoE based educational model using deep learning techniques:

Architecture, challenges and applications. Smart Learn. Environ. 2018, 5, 7. [CrossRef]
4. L’Heureux, A.; Grolinger, K.; Elyamany, H.F.; Capretz, M.A.M. Machine Learning with Big Data: Challenges and Approaches.

IEEE Access 2017, 5, 7776–7797. [CrossRef]
5. Zhou, L.; Pan, S.; Wang, J.; Vasilakos, A.V. Machine learning on big data: Opportunities and challenges. Neurocomputing 2017,

237, 350–361. [CrossRef]
6. Correia, F.; Madureira, A.; Bernardino, J. Deep learning for big data. In Proceedings of the 12th International Conference on

Innovations in Bio-Inspired Computing and Applications (IBICA 2021), Online, 16–18 December 2021. [CrossRef]
7. Hasan, M.; Rundensteiner, E.; Agu, E. Automatic emotion detection in text streams by analyzing Twitter data. Int. J. Data Sci.

Anal. 2019, 7, 35–51. [CrossRef]
8. El Alaoui, I.; Gahi, Y.; Messoussi, R. Full consideration of big data characteristics in sentiment analysis context. In Proceedings of

the 2019 IEEE 4th International Conference on Cloud Computing and Big Data Analysis (ICCCBDA), Chengdu, China, 12–15
April 2019; Institute of Electrical and Electronics Engineers Inc.: Piscataway, NJ, USA, 2019; pp. 126–130.

9. Zhou, F.; Jiao, J.R.; Yang, X.J.; Lei, B. Augmenting feature model through customer preference mining by hybrid sentiment
analysis. Expert Syst. Appl. Pergamon 2017, 89, 306–317. [CrossRef]

10. Birjali, M.; Beni-Hssane, A.; Erritali, M. Machine Learning and Semantic Sentiment Analysis based Algorithms for Suicide
Sentiment Prediction in Social Networks. Procedia Comput. Sci. 2017, 113, 65–72. [CrossRef]

11. Ji, C.; Li, Y.; Qiu, W.; Awada, U.; Li, K. Big data processing in cloud computing environments. In Proceedings of the 2012
12th International Symposium on Pervasive Systems, Algorithms and Networks, San Marcos, TX, USA, 13–15 December 2012;
pp. 17–23. [CrossRef]

12. Inoubli, W.; Aridhi, S.; Mezni, H.; Maddouri, M.; Nguifo, E.M. An experimental survey on big data frameworks. Futur. Gener.
Comput. Syst. 2018, 86, 546–564. [CrossRef]

http://doi.org/10.1016/j.indmarman.2020.01.005
http://colah.github.io/
http://doi.org/10.1186/s40561-018-0057-y
http://doi.org/10.1109/ACCESS.2017.2696365
http://doi.org/10.1016/j.neucom.2017.01.026
http://doi.org/10.1007/978-3-030-96299-9_20
http://doi.org/10.1007/s41060-018-0096-z
http://doi.org/10.1016/j.eswa.2017.07.021
http://doi.org/10.1016/j.procs.2017.08.290
http://doi.org/10.1109/i-span.2012.9
http://doi.org/10.1016/j.future.2018.04.032


Sensors 2022, 22, 4409 25 of 25

13. Vavilapalli, V.K.; Murthy, A.C.; Douglas, C.; Agarwal, S.; Konar, M.; Evans, R.; Graves, T.; Lowe, J.; Shah, H.; Seth, S.; et al. Apache
Hadoop YARN: Yet another resource negotiator. In Proceedings of the SOCC’13: ACM Symposium on Cloud Computing, Santa
Clara, CA, USA, 1–3 October 2013; Volume 13. [CrossRef]

14. Shvachko, K.; Kuang, H.; Radia, S.; Chansler, R. The Hadoop distributed file system. In Proceedings of the 2010 IEEE 26th
Symposium on Mass Storage Systems and Technologies (MSST), Incline Village, NV, USA, 3–7 May 2010.

15. Ahad, M.A.; Biswas, R. Comparing and Analyzing the Characteristics of Hadoop, Cassandra and Quantcast File Systems for
Handling Big Data. Indian J. Sci. Technol. 2017, 10, 1–6. [CrossRef]

16. Ahad, M.A.; Biswas, R. Request-based, secured and energy-efficient (RBSEE) architecture for handling IoT big data. J. Inf. Sci.
2018, 45, 227–238. [CrossRef]

17. Oussous, A.; Benjelloun, F.Z.; Ait Lahcen, A.; Belfkih, S. Big Data technologies: A survey. J. King Saud Univ. Comput. Inf. Sci. 2018,
30, 431–448. [CrossRef]

18. Shahi, T.; Sitaula, C.; Paudel, N. A Hybrid Feature Extraction Method for Nepali COVID-19-Related Tweets Classification. Comput.
Intell. Neurosci. 2022, 2022, 5681574. [CrossRef]

19. Pennington, J.; Socher, R.; Manning, C.D. GloVe: Global vectors for word representation. In Proceedings of the 2014 Conference
on Empirical Methods in Natural Language Processing (EMNLP), Doha, Qatar, 25–29 October 2014; Volume 19, pp. 1532–1543.
Available online: https://aclanthology.org/D14-1162.pdf (accessed on 12 January 2022).

20. Mikolov, T.; Chen, K.; Corrado, G.; Dean, J. Efficient estimation of word representations in vector space. arXiv 2013,
arXiv:1301.3781.

21. Rezaeinia, S.M.; Rahmani, R.; Ghodsi, A.; Veisi, H. Sentiment analysis based on improved pre-trained word embeddings. Expert
Syst. Appl. 2019, 117, 139–147. [CrossRef]

22. Albawi, S.; Mohammed, T.A.; Al-Zawi, S. Understanding of a convolutional neural network. In Proceedings of the 2017
International Conference on Engineering and Technology (ICET), Antalya, Turkey, 21–23 August 2017; Institute of Electrical and
Electronics Engineers Inc.: Piscataway, NJ, USA, 2018; pp. 1–6.

23. Yin, W.; Kann, K.; Yu, M.; Schütze, H. Comparative Study of CNN and RNN for Natural Language Processing. arXiv 2017,
arXiv:1702.01923.

24. Irsoy, O.; Cardie, C. Deep recursive neural networks for compositionality in language. Adv. Neural. Inf. Process Syst. 2014, 27,
2096–2104.

25. Otter, D.W.; Medina, J.R.; Kalita, J.K. A survey of the usages of deep learning in natural language processing. IEEE Trans. Neural
Netw. Learn. Syst. 2020, 32, 604–624. [CrossRef]

26. Yang, Z.; Yang, D.; Dyer, C.; He, X.; Smola, A.; Hovy, E. Hierarchical attention networks for document classification. In
Proceedings of the Conference of the North American Chapter of the Association for Computational Linguistics: Human
Language Technologies, San Diego, CA, USA, 12–17 June 2016; pp. 1480–1489.

27. Zhou, X.; Wan, X.; Xiao, J. Attention-based LSTM network for cross-lingual sentiment classification. In Proceedings of the 2016
Conference on Empirical Methods in Natural Language Processing, Austin, TX, USA, 1–5 August 2016. [CrossRef]

28. Basiri, M.E.; Nemati, S.; Abdar, M.; Cambria, E.; Acharrya, U.R. ABCDM: An Attention-based Bidirectional CNN-RNN Deep
Model for sentiment analysis. Future Gener. Comput. Syst. 2021, 115, 279–294. [CrossRef]

29. Oncharoen, P.; Vateekul, P. Deep learning for stock market prediction using event embedding and technical indicators. In
Proceedings of the 2018 5th International Conference on Advanced Informatics: Concept Theory and Applications (ICAICTA
2018), Krabi, Thailand, 14–17 August 2018; pp. 19–24. [CrossRef]

30. Chatterjee, A.; Gupta, U.; Chinnakotla, M.K.; Srikanth, R.; Galley, M.; Agrawal, P. Understanding Emotions in Text Using Deep
Learning and Big Data. Comput. Hum. Behav. 2019, 93, 309–317. [CrossRef]

31. Wen, S.; Li, J. Recurrent Convolutional Neural Network with Attention for Twitter and Yelp Sentiment Classification. In
Proceedings of the 2018 International Conference on Algorithms, Computing and Artificial Intelligence, Sanya, China, 21–23
December 2018; p. 49. [CrossRef]

32. Ketkar, N. Introduction to Keras. In Deep Learning with Python; Apress: Berkeley, CA, USA, 2017; pp. 97–111.
33. Handelman, G.S.; Kok, H.K.; Chandra, R.V.; Razavi, A.H.; Huang, S.; Brooks, M.; Lee, M.J.; Asadi, H. Peering into the Black Box

of Artificial Intelligence: Evaluation Metrics of Machine Learning Methods. Am. J. Roentgenol. 2019, 212, 38–43. [CrossRef]
34. Parvandeh, S.; Yeh, H.-W.; Paulus, M.P.; McKinney, B.A. Consensus features nested cross-validation. Bioinformatics 2020, 36,

3093–3098. Available online: https://academic.oup.com/bioinformatics/article/36/10/3093/5716331 (accessed on 15 December
2021). [CrossRef]

35. Bürkner, P.-C.; Gabry, J.; Vehtari, A. Approximate leave-future-out cross-validation for Bayesian time series models. J. Stat.
Comput. Simul. 2020, 90, 2499–2523. [CrossRef]

http://doi.org/10.1145/2523616.2523633
http://doi.org/10.17485/ijst/2017/v10i8/105400
http://doi.org/10.1177/0165551518787699
http://doi.org/10.1016/j.jksuci.2017.06.001
http://doi.org/10.1155/2022/5681574
https://aclanthology.org/D14-1162.pdf
http://doi.org/10.1016/j.eswa.2018.08.044
http://doi.org/10.1109/TNNLS.2020.2979670
http://doi.org/10.18653/v1/d16-1024
http://doi.org/10.1016/j.future.2020.08.005
http://doi.org/10.1109/icaicta.2018.8541310
http://doi.org/10.1016/j.chb.2018.12.029
http://doi.org/10.1145/3302425.3302468
http://doi.org/10.2214/AJR.18.20224
https://academic.oup.com/bioinformatics/article/36/10/3093/5716331
http://doi.org/10.1093/bioinformatics/btaa046
http://doi.org/10.1080/00949655.2020.1783262

	Introduction 
	Big Data and Deep Learning Background 
	Big Data and Sentiment Analysis 
	Deep Learning 

	Materials and Methods 
	Experimental Setup 
	Deep Learning Architectures 
	CNN-Based Architecture 
	LSTM-Based Architecture 
	GRU-Based Architecture 
	Convolutional and GRU-Based Architecture 
	Convolutional and LSTM-Based Architecture 

	Data Collection and Storage 
	Development Methodology 

	Experimental Evaluation 
	Experimentation Methodology 
	Evaluation Methodology 

	Experimental Results 
	Training Phase 
	Test Phase 
	Simulation Phase 

	Discussion of the Results 
	Conclusions and Future Work 
	References

