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Abstract— Bitcoin is the most popular and established 

crypto-digital currency. Also, social media platforms, like 

Twitter, have grown rapidly as users are able to share opinions 

and views easily and freely. Knowing all this information, we 

can use this data to determine Bitcoin price fluctuations by the 

aid of machine intelligence. To maximize financial rewards, the 

topic of predicting cryptocurrency prices has grown over the 

past few years. In this project, natural language understanding 

(NLU) methods, like sentiment analysis, and other machine 

intelligence algorithms and methods such as long short-term 

memory (LSTM) are used to predict Bitcoin prices. The first 

part of this project is to use sentiment analysis to get the polarity 

of the gathered Bitcoin related Tweets. These tweets are 

collected using Twitter APIs by performing a search for 

“#bitcoin”. Then the output of the sentiment analysis is 

correlated to the past Bitcoin prices by the dates. Bitcoin price 

for every day in the past few years is obtained using API calls to 

trade.kraken.com database. The price and the result of 

sentiment analysis are used as inputs to train a long short-term 

memory (LSTM) model to predict future Bitcoin prices. Similar 

implementation can be used for other cryptocurrencies as well 

as stock market as long as there is sufficient amount of useful 

data to train the model. (Abstract) 

Keywords—Sentiment Analysis, Bitcoin, LSTM, NLU, 

Machine Learning (key words) 

I. INTRODUCTION 

The Internet has become more and more accessible in the 
past few decades and as a result, a lot of new technologies and 
platforms have become more and more popular. One of these 
platforms  is digital currency which has gained a lot of users 
in the past decade because it is an alternative to the old money 
to money issued by central institution method. Digital 
currency is a new electronic  payment method that can be 
transferred between anonymous users with the help of 
technology [1] . There are many digital currencies, also known 
as cryptocurrencies or digital-cryptocurrencies, available. 
However, Bitcoin is the most popular and valuable 
cryptocurrency and has gained a significant value and interest 
in the past few years [2]. Because of its new technology, many 
researchers believe it is volatile and the price of a Bitcoin can 
be predicted with the use of machine intelligence.   

Since Bitcoin is a cryptocurrency and essentially has a 
value, the topic of predicting Bitcoin value has grown over the 
past few years to maximize financial rewards. Also, since 
Bitcoin price prediction is a time series prediction problem 
like predicting the stock market, prediction algorithms or 
methods that mainly depend on linear assumptions cannot be 

utilized. However, Bitcoin is a fairly new technology and can 
be volatile. Therefore, there is a need for machine intelligence 
methods like natural language understanding (NLU) and long 
short-term memory LSTM to predict Bitcoin values. 

In this paper, quantitative and qualitive analysis is used to 
find a correlation between Twitter sentiment analysis result 
and future Bitcoin value using artificial neural networks 
(ANN).  The approach is to find previous Tweets about 
Bitcoin using Twitter APIS and get an average sentiment 
polarity per day for these Tweets using sentiment analysis. 
The polarity is a number between -1 to +1 but for the purpose 
of this paper, they are classified into 5 general categories of 
very negative, negative, neutral, positive and very positive. 
Then the previous Bitcoin prices are gathered and are 
correlated to the average sentiment  polarity per day using the 
dates. Then, an artificial neural network is trained using the 
achieved data and finally the model will generate the 
predicated future value of Bitcoin.   This network takes the 
result of the sentiment analysis (the classified results) and the 
previous Bitcoin prices as inputs and the output  is the future 
price using an LSTM model.  

Related Works- Many researchers have attempted to find 
a reliable method to predict Bitcoin and other cryptocurrency 
prices. One of the most famous methods is using data from 
social media and applying some kind of machine intelligence 
techniques to solve the problem.  Many researchers have 
applied sentiment analysis on the data related to Bitcoin 
related Twitter data and gathered the polarity of the general 
opinion about Bitcoin . Then they have combined that method 
with another method such as SOFNN, linear regression or 
LSTM to predict feature Bitcoin values [3] .  

On the other hand, there are other papers that suggest a 
different technique for sentiment analysis. One of these papers 
is written by Mittal and Goel. In this paper, “Stock Prediction 
Using Twitter Sentiment Analysis”, the authors suggest the 
use of   a classification-based sentiment analysis rather than a 
polarity-based analysis. They divide the public mood into 4 
classes of happy, kind, alert and calm using their own 
classification-based sentiment analysis and predict future 
prices using the result of the sentiment analysis. With their 
method, they were able to predict stock market prices with an 
accuracy of around 75% [4].  

There are also other studies that focused more on neural 
networks models after the result of the sentiment analysis is 
generated. There have been a lot of research done in this field. 
White implemented a Multi-layer Perceptron (MLP) to predict 
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stock prices [5]. The main drawback of this method is that  
MLP is very slow and inefficient as it only analyses one 
observation at a time. On contrary to MLP, RNN techniques 
such as LSTM store the output of each layer and as a result, 
the network can store more information and predict future 
bitcoin prices faster and with a higher accuracy. However, as 
the study done by McNally, Roche, and Caton suggests that 
the main drawback of this method is that they need a huge 
amount of data and computation which can slow down the 
process of training [6]. McNally, Roche, and Caton used grid 
search where two hyperparameters are selected with a 
minimum and maximum for each to find the right parameters 
of their RNN network . They also used Bayesian optimization 
to select the parameters for the LSTM model and they show 
that LSTM outperformed normal RNN methods with training 
error below 1% and validation error of 8% [6].  

 In another study, Bollen, Mao and Zeng used a self-
organizing fuzzy neural network (SOFNN) to tackle the 
problem. Their SOFNN consisted of five layers, of input, the 
ellipsoidal basis function, the ellipsoidal, the weighted and the 
output layer [7]. They suggested that their method is very 
effective, and the highest prediction accuracy achieved was 
around 86% while the error was 1.83% [7]. 

This paper is outlined  as follows: the second section 
discusses the algorithms and techniques used to solve the 
problem. In Section 3, the methods used to gather data and 
data preprocessing is mentioned. Section 4 discusses the 
sentiment analysis technique and the implementation used for 
this paper. Section 5 briefly explains about the LSTM model 
used in this project. Section 6 explains the learning and 
training process is used in this project. Finally, in section 7 the 
decision-making model is discussed, and the strategies used to 
make decisions are mentioned. 

 

II. ALGORITHM 

 To achieve the desired result, previous Bitcoin prices and 
other data about Bitcoin along with Twitter data about Bitcoin 
are gathered using APIs. One way to gather Bitcoin related 
Twitter data is to use hashtags which are commonly used in 
Tweets these days. For the purpose of this paper,  “#Bitcoin” 
was used to obtain data.  However, most of this data is raw 
and requires preprocessing. After the data is processed, the 
Tweets are fed into a sentiment analyzer and the output of this 
analyzer is a value which is the average polarity of the bitcoin 
related Tweets for every day. This polarity is a number from -
1 to 1 where -1 is very negative, 0 is neutral and +1 is very 
positive. Then this polarity is categorized into 5 classes of very 
negative, negative, neutral, positive, and very positive.  
Meanwhile previous bitcoin data which includes date and 
prices get processed and the processed data along with the 
output of sentiment analysis will be fed into a LSTM model to 
train the model. It is important to mention that the output of 
the sentiment analysis is corelated to Bitcoin data using the 
dates. Then the result of sentiment analysis, Bitcoin data and 
the trained model are used as inputs to the decision-making 
LSTM model to predict the future Bitcoin prices.  

 Figure 1 shows an overview flow diagram of the system 
used in this project. In the implementation previous data is 
used for training and a few current date data is used for the 
decision-making process.  

 

 

Figure 1: Workflow Overview of the system 

 
 The next sections of this paper provide a detailed 
explanation about the methods used.  

 

III. DATASET 

There are two datasets in this project. These datasets are 
and contains so much information, so they require  
preprocessing. The first dataset is previous Bitcoin values. 
This data is obtained by calling APIs to trade.kraken.com 
database which is a well-known platform for trading many 
cryptocurrencies like Bitcoin. The information such as 
timestamp, volume, price, etc. for the past ten years can be 
obtained by calling APIs to this website. Since training and 
analyzing data for 10 years take a long time only data from 
January 2018 to January 2019 was collected and used for the 
training model.  Table 1 shows a sample of the received data 
related to Bitcoin.  

The second dataset is publicly available Twitter data 
related to Bitcoin using use restfulAPIs with the aid of existing 
libraries in Python i.e. tweepy and OAuthHandler. This data 
includes a lot of information including Tweets, timestamp, 
number of reactions, and so on. To match this dataset with 
previous bitcoin prices, only the Twitter data from January 
2018 to January 2019 was obtained. To filter the data for only 
bitcoin related Tweets, the word “#Bitcoin” was used as the 
filtering parameter. This way one can only obtained the 
Tweets that contain hashtags like “#Bitcoin” which generally 
is used when the Tweet is about Bitcoin. 

The above sources provide a sufficient amount of data; 
however, the data is not processed, and require preprocessing 
to make it useful for this project. 
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Table 1 : Sample of Obtained Bitcoin Data 

 

Data Preprocessing 

1. Bitcoin price does not follow a linear function and 
as a result, there might be sudden fluctuations that 
are resulted from some unusual events. Therefore, 
these fluctuations cannot be easily predicted. Thus, 
the prices were shifted up or down for sudden falls 
and rises. This way, we make sure the daily 
directional trend is not disturbed . 

2. In some cases, even after shifting up or down, there 
are some unusual activities in the price of Bitcoin 
that do not follow the general trend. These periods 
are very difficult to predict, and  they usually have 
more causes other than the general sentiment. As a 
result, to avoid disturbing the training model, these 
periods were removed.  

3. When using the APIs for Bitcoin data, a lot of 
information such as open, high, etc. is gathered that 
are not necessary for the purpose of this project. To 
avoid slowing down the processes, all the 
unnecessary information was removed during the 
preprocessing stage.  

4. The gathered Twitter data needed some 
preprocessing as well. All the unnecessary 
information was removed to speed up the process 

5.  The formatting of the archived Tweets was not 
correct for all the Tweets and that would cause 
problems when using them as inputs to the 
sentiment analysis model. To avoid the problem all 
the formatting was corrected during the 
preprocessing stage. 

  

IV. SENTIMENT ANALYSIS 

Sentiment Analysis , also known as opinion mining, is 
the use of natural language processing (NLP), 
computational linguistics and text analysis to extract and 
identify the sentiment (polarity) of a text into positive, 
negative, or neutral categories. It is common to use 
sentiment analysis to arrive at a binary decision: a person is 
either for or against a subject, or  an item or a  product is 
good or bad [8]. 

There are multiple implementations of a sentiment 
analysis algorithm and the output can be either polarity 
based or classified base. For the purpose of this project, a 
polarity based approached is used and then we classified the 
output in to five classes after the output is generated. 

  

Initial Implementation 

The initial model consisted of a tokenizer that would 

tokenize the input data. Then the tokenized data would be 

fed in to a neural network which had a Word Embedding 

layer of size 29. This layer would convert the tokenized 

data into numerical inputs to ensure each word from each 

tweet is represented by a numerical vector of size 29. The 

reason is that most neural network models perform better 

with numerical inputs. The next layer is a Spatial Dropout 

layer which had a dropout rate of 0.4. The next layer was a 

Long Short-Term Memory (LSTM) model. The main 

challenge of a LSTM model is to determine the number of 

hidden layers and the number of nodes in each hidden layer. 

After multiple experiment it was concluded that 1 hidden 

layer with 200 hidden nodes performs with a high accuracy 

and an acceptable speed. 

 Although the above implementation produced a promising 

result, when the result was compared to the available 

sentiment analysis in python libraries, it was concluded that 

it is more beneficial to use the available sentiment analysis 

in python libraries. The main reasons are as follow:  

 

1. It requires a huge volume of data to train the 

initially implemented model and finding  the 

sufficient amount of Tweets with predetermined 

sentiment analysis results is difficult and time 

consuming.  

 

2. Python sentiment analysis result has a higher 

accuracy and it also performs well with some 

languages other than English 

 

3. Python sentiment analysis is much faster than the 

implemented sentiment analysis algorithm and it 

essentially requires no time to train the model as 

the library is available pretrained.  

 

4. It is easier to use Python sentiment analysis within 

the program and it requires less code which makes 

the overall program faster and cleaner. 

 

Because of the above reasons, Python sentiment 

analysis is used for this project. The following briefly 

explains how the available Python sentient analysis 

algorithm works. 
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Python Sentiment Analysis 

Sentiment analysis is part of the TextBlob library in 
Python. The sentiment property returns a named tuple of the 
form Sentiment(polarity, subjectivity). The polarity is a 
number from -1 to +1 where -1 is very negative, 0 is neutral 
and +1 is very positive. The sentiment analysis algorithm in 
Python is implemented as follows: 

 The first step is to tokenize the input. This provides a 
lexical scanner for Python source code, implemented in 
Python. After tokenizing, each input gets divided into 
sentences and each sentence gets divided into words. The 
output of this step is separated words. The next step is 
tagging each word. Then each tag gets classified as  verb, 
noun, adverb, adjective, or none. If the tag is "NN", "NNS", 
"NNP", or "NNPS" then it’s a noun, if the tag is "JJ", "JJR", 
or "JJS" then it’s an adjective, if the tag is "VB", "VBD", 
"VBG", "VBN", "VBP", or "VBZ" then it’s a verb and if the 
tag is "RB", "RBR" or "RBS" then it’s an adverb. All other 
tags gets categorized as none. All words are tagged using 
the given lexicon of word-tag items. To tag these words a 
dictionary is used; however, there are some general rules for 
unknown words. Some of the major ones are as follow:  

1. Words are tagged using the given lexicon of word-
tag items. 

2. NN is assigned to unknown words by default. This 
can be resulted from misspellings or other causes.  

3. NNP is assigned to unknown words that start with 
a capital letter 

4. CD is assigned to unknown words that contain 
only digits and punctuations.  

 Unknown words are then improved with morphological 
rules and all the other words are improved with contextual 
rules. 

 Figure 2 shows all the tags and how they are assigned to 
the main four categories (excluding None) where NN is 
noun, VB is verb, JJ is adjective ad RB is adverb.  . 

 

 

Figure 2: Sentiment Analysis Tags 

 

After the above steps, the words get chunked. Here 
chunking means words that belong together in a phrase get 
grouped together. The next step is role labeling. It means to 
find the subject and object of the sentence. For chunking and 
role labelling the following annotations are typically used: 
NP (noun phrase), VP (verb phrase), PNP (preposition), SBJ 
(subject), OBJ (object), and LOC (location). Also, the 
phrases are marked with B (begin), I (inside), and O 
(outside). Finally, the last step is Lemmatization which 
means finding the base form of each word. For example, the 
past tense "sat" is lemmatized to "sit". 

The summary of the main five steps is as follow:  

1. Tokenizing: Splits the inputs into words. 

2. Tagging: Finds the part-of-speech tag of each 
word (noun, verb, adverb and adjective). 

3. Chunking: Finds words that belong together in a 
phrase. 

4. Role Labeling: Finds the subject and object of a 
sentence. 

5. Lemmatization: Finds the base form of each 
word. 

 

 Table 2 demonstrates how these five steps perform using 
an example. The example used is for the sentence “ The 
white rabbit sat on the grass.” 

 

Table 2 : Sentiment Analysis example 

  TOKEN     TAG     CHUNK      ROLE        LEMMA 

The DT B-NP NP-SBJ-1 the 

white JJ I-NP NP-SBJ-1 white 

rabbit NN I-NP NP-SBJ-1 rabbit 

sat VB B-VP VP-1 sit 

on IN B-PP PP-LOC on 

the DT B-NP NP-OBJ-1 the 

grass NN I-NP NP-OBJ-1 grass 

. . O O . 

 

After the mentioned five steps, each word gets a weight 
based on their lemmatization and their position in the 
sentence. Then each word gets an unweighted polarity based 
on its position in the sentence and the meaning of it. The 
meanings are compared against the already existing words 
contained in a dictionary. If the word does not exist in the 
dictionary it gets a small negative value. The output is an 
overall polarity which is the weighted sum of all the 
unweighted word polarities.  

The output polarity is a number between -1 and +1. For 
the purpose of this project, the polarities of the Tweets are 
categorized into 5 classes of very negative, negative, 
neutral, positive and very positive. To categorize the 
polarities, a simple approach is used. The polarities from -1 
to -0.5 are marked as very negative, -0.5 to 0 are marked as 
negative, 0 are marked as natural, 0 to 0.5 are marked as 
positive and 0.5 to 1 are marked as very positive. This 
classification would speed up the training process which is 
mentioned in the next sections. 

It is worth to mention that the same sentiment analysis 
can be used for many other languages. However, the default 
language is English unless the other language is specified 
and the dictionary for the specified language would be used.  
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V. LONG SHORT TERM MEMORY 

Long Short-Term Memory (LSTM) Network is a 
particular type of Recurrent Neural Network (RNN) 
architecture [9]. RNNs are networks with loops in them, 
allowing information to persist. RNN is a chain-like neural 
network in which a loop allows information to be passed 
from one step of the network to the next. These loops are 
not that different from a normal neural network. A recurrent 
neural network can be thought of as multiple copies of the 
same network, each passing a message to a successor. This 
chain-like nature reveals that recurrent neural networks are 
intimately related to sequences and lists. The loops are the 
main parts of the architecture of neural network to use for 
such data. RNNs can be used in many applications including 
speech recognition, language modeling, translation, image 
captioning, etc. [9].  

Figure 3 shows the architecture of a simple RNN with 
multiple loops [9].  

 

 

Figure 3: Architecture of a Simple RNN With Multiple 
Layers [9]. 

 

Long Short-Term Memories (LSTMs) are a special kind 
of RNN, capable of learning long-term dependencies. They 
were introduced by Hochreiter and Schmidhuber  in 1997 
and were refined and popularized by many people in the past 
few years. They are suitable for many applications. LSTMs 
are explicitly designed to avoid the long-term dependency 
problem that a typical RNN can have. All recurrent neural 
networks including LSTMs have the form of a chain of 
repeating modules of neural network with generally a 
simple structure like a single tanh layer [9]. 

The key to LSTMs is the cell state, the horizontal line 
running through the top of the diagram. It runs straight down 
the entire chain, and the information flow along it 
unchanged. The LSTM networks can remove or add 
information to the cell state, which is regulated by structures 
called gates. Gates are composed out of a sigmoid neural net 
layer and a pointwise multiplication operation and can let 
the information through selectively. The purpose of the 
sigmoid layer is to select how much of each component 
should be let through. A typical LSTM has three of these 
gates, to protect and control the cell state [9]. 

 Figure 4 demonstrates the structure of a simple LSTM 
with tanh layers. In this figure,  each line carries an entire 
vector, from the output of one neuron  to the inputs of the 
other neurons. The pink circles, yellow boxes, lines 
merging, and  lines forking represent pointwise operations, 
learned neural network layers, concatenation, and content 
copying respectively [9]. 

 

 

Figure 4: Architecture of a LSTM network With Tanh  
Layers [9]. 

  

LSTM algorithm has 4 main steps. The first step is to 

decide what information is not necessary and should be 

disregarded. This decision is made by a sigmoid layer called 

the Forget Gate layer. It looks at the inputs and generates a 

number between 0 and 1 for each cell state where 0 is 

completely ignore the information and 1 is completely use 

the information [9]. The next step is to decide what new 

information will be stored in the cell state. There are two 

parts in this step. The first part is a sigmoid layer called 

Input Gate layer which decides which values will be 

updated. The second part is a tanh layer which creates a 

vector of new candidate values that could replace the 

ignored information in the previous step. Step three 

combines the previous steps to create an update to the state. 

The update uses a simple formula and multiplies the old 

states by ft which is decided in step 1 and then adds it * Ĉt. 

The generated value, Ct, is the new candidate value scaled 

by decided update amount for each state value. The last step 

is to generate the output. This output is a filtered value based 

on the previous cell states. At first, a  sigmoid layer decides 

what parts of the cell states are neeeded for the output. Then 

the cell states go through  a tanh funtion and get multiplied 

by the output of the sigmoid gate and generate the final 

output Ot [9]. Figure 5 shows every step of the LSTM 

algoriyhm, along with the formulas for each step [9]. 

 

Due to the powerful algorithm used in  LSTMs, they are 

used in many different applications and problems. Some of 

these applications include, speech recognition, rhythm 

learning,  grammar learning, human action recognition, 

protein homology detection, predicting subcellular 

localization of proteins, Semantic parsing, music 

composition, object co-segmentation, sign language 

translation, robot control and so on. Some intersting 

problems that LSTM performs very well in solving them 

include time series predictionm,  time series anomaly 

detection and prediction tasks in the area of business process 

management [10]. Since this network performs very well for 

predicting time series problems, including the non linear 

problems, it is used for this project.  
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Figure 5: Steps of the LSTM Algorithm [9]. 

 

VI. MODEL LEARNING AND PREDICTION 

 
The correlation between Bitcoin prices and general 

public mood is not linear. As a result, there is no proven 
method that performs the best to predict Bitcoin prices based 
on public sentiment. Therefore, to find the best algorithm, 
different models have been used by different researchers. In 
a study by Goel and Mittal , the researchers tried to predict 
stock market prices using previous stock market values and 
public sentiment, and they compared four different methods 
[4]. Although their objective was to find the future stock 
market prices and they used different classifications for the 
output of their sentiment analysis, to save time and 
resources, their comparison was found helpful and used to 
get an idea of different methods and their accuracy, as their 
project was similar to this project. The methods they 
compared were Linear Regression, Logistic Regression, 
Support Vector Machine (SVMs), and Self-Organizing 
Fuzzy Neural Networks (SOFNN). According to their 
comparison , the best result was achieved using SOFNN 
with almost 75.56% accuracy. Also, the results show that 
SVM generates the worst result with around 59.75% 
accuracy. Figure 6 represents a summary of the accuracy of 
different algorithms for previous stock market values for 3 
days moods [4]. 

 

 

Figure 6: Comparison of the Four Algorithm 

 

 It is clear that SVM and Logistic Regression perform 
poorly for a problem like predicting time series nonlinear 
problems. The reason is that both methods use a 
classification approach which is not effective for this kind 
of problems. Linear Regression’s performance was 
acceptable; however, the accuracy could be better, and it is 
not suitable for predicting Bitcoin prices as the  inputs (i.e. 
result of sentiment analysis) might not be in the form of 
numbers and the classifications used in this project might 
confuse the model. SOFNN performs the best but it requires 
a membership function-based classification as an input, and 
it is very slow when the volume of data is huge. As a result, 
a new algorithm was proposed, and LSTM was chosen. The 
reasons are LSTM is a kind of RNN which  is a neural 
network with feedback loops that allow it to effectively 
model sequence-dependent and time-dependent behavior 
and it performs very well for predicting time series problems 
including the nonlinear problems like predicting future 
Bitcoin prices [10]. 

 Three configurations of LSTM are considered and 
compared. These configurations are 1 Layer LSTM, 
Bidirectional  1 Layer LSTM and 2 layers LSTM. The 
architecture of all three is similar to the one mentioned in 
the previous section and they were all trained on time-series 
data dating back 7 days (t-7) from the date of training. The 
tweet sentiment analysis was carried out on 100 tweets per 
day over the last 7 days for every unique date in the table. 
Table 3 shows the comparison results. These results were 
obtained using the following hardware: 4-core CPU, 16 GB 
RAM and by training each model ten times with different 
random states. 

 

Table 3 : Comparison of 3 Different LSTM structures 

Model RMSE 
Training Time 

(Sec) 

1 Layer LSTM 91.2 21 

Bidirectional  1 Layer LSTM 51.6 42 

2 layers LSTM 19.5 57 
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 The accuracy is achieved by calculating the root mean 
squared error (RMSE) on the test set and model predictions. 
The error shows the average distance between predicted 
points on the test set and the actual values and smaller error 
means higher accuracy. As we can see 1 Layer LSTM 
performs poorly since it cannot categorize the patterns of the 
inputs properly. Bidirectional 1-layer LSTM performs 
better than 1-Layer LSTM, but the results are not promising. 
On the other hand, 2-Layer LSTM performs very well, and 
the error is within the acceptable range. Although the 
training time is higher in 2-layer configuration, the higher 
accuracy justifies the training time. Therefore a 2-layer 
LSTM is considered for this project. 

 The model used in the project is a two-layer LSTM with 
64 units in each of the layers and the densely connected 
output layer with one neuron. Adam optimizer and MSE are 
used as loss. After performing multiple experiments, it was 
concluded that the optimal number of epochs and batch size 
is 10 and 16 respectively and the shuffle is set to False since 
time series data should not be shuffled for the purpose of 
this project. With the mentioned configuration, data from 
January 2018 to January 2019 was used to train and test our 
model and the results were promising. The RMES achieved 
was 21.8 which means the accuracy is around 78% which is 
acceptable considering the fact that the dataset is huge and 
there might be more information needed to achieve a higher 
accuracy. Figure 7 shows the Train and Test loss on each 
iteration of the training process which tells us 10 epochs is 
an acceptable number. Also after some iterations the train 
and test loss became very similar which means the model is 
not over or under fitted.  

 

 

   Figure 7: Training and Test Loss on Each Iteration 

 

 Also, to find the best number of hidden units in each 
hidden layer, different combinations were considered. 
Figure  8 shows the results for different combinations. As it 
can be seen the best result was achieved when using 64 units 
in each hidden layer, i.e. (64,64). (2048, 64) has the worst 
performance and the reason is that mapping 2048 nodes to 
64 nodes makes the algorithm to ignore a lot of information 
that might be useful. The (64, 64) combination has least lose 
both for training and testing and it also makes the training 
process faster. As a result, for this project, 64 units were 
used in each of the two hidden layers.   

 

Figure 8: Different Combinations of Number of Units  in 
Each  Hidden Layer for the Two Layer LSTM 

 

VII. DECISION MAKING MODEL 

After training the 2-layer LSTM, the output of sentiment 
analysis, processed previous bitcoin prices and the output of 
the trained model are used to make future bitcoin price 
prediction. . Given the three inputs, trained LSTM model 
which contains 2 hidden layers of 64 units generates the 
predicted Bitcoin prices. After predicting the feature Bitcoin 
prices using the mentioned approach, the decision making 
model generates an output. This output is to sell, buy or keep 
(do nothing). The output is decided based on the average 
and standard deviation of the corrected  Bitcoin values of 
the past  k days. For instance, in the experiment k was equal 
to 7. It is worth to mention that the implemented prediction 
model can only predict one day in advance and not the long 
run values. The following is the main characteristics of this 
strategy:  

 

• Buy Decision: 

The decision-making model suggests buying 
Bitcoins if the mean is significantly higher than the 
output of the decision-making model for the next 
day. Here 5% is chosen as the cut of point.  

• Sell Decision:  

The decision-making model suggests selling 
Bitcoins if the actual modified value at buy time is 
noticeably less than the output of the predicted 
value. Here 5% is chosen as the cut of point.  

• Hold Decision: 

The decision-making model suggests do nothing if 
it neither passes the condition for selling decision 
nor for buying decision (i.e. there is no significant 
difference between the current value and the 
predicted future value). In other words, it suggests 
to neither buy or sell any Bitcoins as there will not 
be a significant change in the market. Significant 
change in this case is considered 5% change or 
more.  
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In the above strategy the value of the parameter k can be 
adjusted. To get  a fast result k can be set to  7 or 15 since 
the amount of data is huge and any bigger number can make 
the process slower. However, the best result is achieved 
when k is set to least 30 or 40 even though it will slow down 
the process. 

 

VIII. CONCLUSION 

To  summarize, it was mentioned that there is a direct 
correlation between the public sentiment and bitcoin prices. 
The public sentiment can be obtained by running a 
sentiment analysis algorithm on Tweets gathered from 
Twitter data. Also, public sentiment can be categories into 
five classes of very negative, negative, neutral, positive, and 
very positive. Moreover, machine intelligent algorithms like 
RNN can be applied to predict future Bitcoin prices. As seen 
in this project, a 2-layer LSTM with 64 units in each hidden 
layer performs very well for projects like this and Support 
Vector Machine performs very poor for predicating a time 
series nonlinear. Finally, by using the decision-making 
model one can make profit by trading (buying/selling) 
Bitcoins. 

There are many other research papers that solved this 
problem by a similar approach. For instance, applying 
sentiment analysis using TextBlob, a modified version of 
Google Profile of Mood States to predict Bitcoin prices by 
training a neural network model such as LSTM or a 
SOFNN. Although they generate promising results, the 
accuracy is not perfect since a lot of factors affect Bitcoin 
prices beside public sentiment. There are some important 
factors that were not included in this project. The first factor 
is that only English Tweets were collected and used to train 
the model which is not a complete representation of public 
mood around the world as there are many more languages 
used around the world. The second factor is that 
distinguishing people who have bought and sold Bitcoins 
from people that do not have many information about 
Bitcoin  is difficult and opinions of different people can 
affect Bitcoin prices differently. The third factor is that there 
are more factors like security of Blockchain that might 
affect the prices of Bitcoin that were not considered in this 
project. All these can be improved as part of a future work. 

Furthermore, it was observed that if the amount of data 
is low, the model does not get trained properly and if it is 
huge, the model gets overstrained, this happens when the 
network starts to memorize the patterns instead of 
interpolating between them and generates bad results as it 
becomes biased. Therefore, choosing the right amount of 
data is critical in a project like this. Also, the number hidden 
layers and the units in each layer can play an important role 
in a project like this. 

Finally, a similar implementation can be used to predict 
other financial assets like other crypto currencies and stock 
market as long as there is enough reliable data to train and 
test the models. Since LSTM is used, it can also be used to 
predict other time series nonlinear problems.  One of the 
biggest challenges to train a network like this is to find 
proper data (i.e. Tweets) to train the model.   
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