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ABSTRACT

This report explores the integration of sentiment analysis and traditional financlal indicators to predict Bitcoin
prices. Utilizing n diverse dataset encompassing historical prices and social media data, the study employs
Natural Language Processing to extract sentiment features, These features are combined with conventional
financial metrics, and machine learning algorithms arc applied to develop a robust predictive model. Through
rigorous back testing, the rescarch evaluates the model's performance. Additionally, temporal analysis of
sentiment patterns aims to unveil nuanced relationships between changing market sentiments and Bitcoin price

movements. The findings provide valuable insights for investors and contribute to the understanding of
sentiment's impact on cryptocurrency markets,

Keyword:  Bitcoin prices, Sentiment analysis, Cryptocurrency markets, Predictive modelling, Natural
Language Processing (NLP), RandomForest, XGBoost Classifier, Financial indicators, Wikipedia data, Back

testing, Market sentiment, Price movements, Digital assets, Rolling averages
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Chapter 1: INTRODUCTION

1.1 Background
Cryptocurrencies. decentralized digital currencies that utilize cryptographic techniques for secure

financial transactions, have witnessed a remarkable rise in popularity and recognition as a unique asset
class. Among the myriad of cryptocurrencies, Bitcoin has emerged as a frontrunner, capturing the
attention of investors, businesses, and the general public alike. Bitcoin's decentralized nature, borderless

transactions, and potential for substantial returns have contributed to its status as a groundbreaking

financial instrument.

However, the unparalleled growth and adoption of Bitcoin have been accompanied by a high level of
price volatility. Traditional financial modelling, which relies on historical data, fundamental analysis, and
technical indicators, encounters difficulties in accurately forecasting the price movements of this
decentralized digital currency. The dynamic and relatively nascent nature of the cryptocurrency market,
coupled with external factors such as regulatory developments and market sentiment, has prompted

researchers to seek innovative approaches to address the challenges associated with predicting Bitcoin

prices.

As a result, there has been a growing interest in exploring alternative methods that go beyond conventional
financial models. Sentiment analysis, a field within natural lénguage processing (NLP), has emerged as a
promising avenue. By analysing and interpretiné the sentiments expressed in textual data from various
sources, such as social media, news articles, and online forums, researchers aim to capture the collective

mood and opinions of market participants, potentially providing valuable insights into the factors

influencing Bitcoin price dynamics.

1.2 Objective

This report aims to:

a. Investigate the impact of sentiment on Bitcoin prices.
The primary objective is fo explore and understand the influence of sentiment on the fluctuations of
Bitcoin prices. This involves analysing sentiment data extracted from various sources, such as social
media, news articles, and forums, to discern patterns and correlations with the observed price

movements. By delving into the emotional aspects of market participants, this research aims to

uncover how sentiment contributes to the dynamics of Bitcoin prices.




b.

C,

Develop a predictive model that integrates sentiment analysis.

This objective focuses on the development of a comprehensive predictive model that incorporates
sentiment analysis as a crucial component. The model will utilize historical Bitcoin price data and
sentiment features derived from textual data to make predictions about future price movements. The
integration of sentiment analysis aims to capture the nuanced information present in qualitative data,
providing a more holistic understanding of the factors driving Bitcoin prices.

The model may leverage machine learning algorithms, such as regression, neural networks, or
ensemble methods, to effectively combine quantitative financial indicators with sentiment-derived
features. Natural Language Processing (NLP) techniques will be employed to preprocess and extract

sentiment-related information from textual data.

Evaluate the effectiveness of the proposed model in comparison to traditional models.

To assess the contribution of sentiment analysis to Bitcoin price prediction, this objective involves a
comparative analysis. The developed predictive model will be benchmarked against traditional
financial models, including time series analysis and machine learning models that rely solely on
quantitative indicators. Evaluation metrics such as accuracy, precision, recall, and F1 score will be

employed to quantify the performance of the proposed model against its traditional counterparts.



Chapter 2: LITERATURE REVIEW

2.1 Cryptocurrencey Price Prediction Models
As the eryptocurrency market continues to evolve, resenrchers have explored varlous models to predict price
movements, aiming to provide valuable Insights for Investors und market participants. This literature review
section presents mn overview of key studies and uppronches In the field of cryptocurrency price prediction.
2,11 Tlme Serles Annlysls ,
Time series analysls Is a fundomental method for predicting cryptocurrency prices. [1] applied
ARIMA models to Bitcoln prices, demonsteating the efficacy of time series methods in capturing
shortsterm trends and cyclical patterns.
2.1.2 Machine Learning Models '
Machine learning techniques have galned popularity for their ability to capture complex relationships
in cryptocurrency data. [2] employed support vector machines and decision trees to predict Bitcoin
prices, showensing the potentlal of ML models in handling non-linear patterns. Deep learning models
have also been explored. [3] Implemented LSTM networks to predict Bitcoin prices, highlighting the
cffectiveness of neutal networks in capturing temporal dependencies.
2.1.3 Sentiment Analysis Models
Sentiment analysis hos emerged as a cruclal factor In understanding cryptocurrency price movements.
[4] conducted a ploncering study that correlated Twitter sentiment with Bitcoin prices, emphasizing
the impact of socinl media sentiment on market dynamics. In a more recent study, [5] integrated
sentiment analysis from financial news articles to predict cryptocurrency prices, underscoring the
importance of Incorporating qualitative information into predictive models.
2.1.4 Network Analysis Models
Network analysis provides insights into the structure of the cryptocurrency ecosystem. [6] utilized
network analysis (o study the Bitcoin transaction graph, revealing patterns that could be indicative of
market behaviour.
2.1.5 Blockchaln-Based Models
On-chain data analysis is essential for understanding cryptocurrency fundamentals. [7] explored the
relationship between on-chain metrics and Bitcoin prices, highlighting the potential of blockchain-

based models for predicting market trends.
2.2 Sentiment Analysis in Financial Markets

[4] Investigated the correlation between social media sentiment and Bitcoin prices. The authors

employed sentiment analysis techniques on Twitter data to extract relevant signals and examined their impact




on algorithmic trading strategies. [8] explored the relationship between sentiment and cryptocurrency prices,
focusing on Bitcoin and Ethereum. The study employed sentiment analysis on social media data and news
articles to gauge the overall market sentiment. The research highlighted the potential of sentiment analysis as
a predictive tool and its role in capturing market dynamics. [5] delved into the impact of news sentiment on
cryptocurrency prices, specifically Bitcoin. Abad et al. conducted sentiment analysis on financial news articles
to extract sentiment-related features. The study proposed a predictive model that integrated sentiment analysis,
demonstrating its efficacy in improving the accuracy of cryptocurrency price predictions. [9] conducted an
empirical study on the relationship between sentiment and cryptocurrency prices, with a focus on Bitcoin and
Ethereum. The research involved sentiment analysis on social media and news data, and the findings
highlighted the potential for sentiment analysis to enhance the accuracy of cryptocurrency price predictions.
[10] explored the short-term return predictability of Bitcoin by analysing daily sentiment data. The study
utilized a sentiment lexicon approach to extract sentiment features from social media. The findings indicated

a significant relationship between daily sentiment and short-term Bitcoin returns, emphasizing the role of

sentiment in intraday price movements.
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Chapter 3: Mcthodology

)

3.1 Data Collection
3.1.1 Sentiment data from Wikipedia
By analysing edits made on the Wikipedia page of Bitcoin can indeed provide insights into the level

of interest and sentiment of the public towards Bitcoin. Wikipedia edits often reflect current events,
developments, and changes in perception or understanding of a Lopic.
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Fig 3.1. Wikipedia page of Bitcoin Revision History
These edits are made by the general public which gives us the sentiment that the public holds towards
Bitcoin. These edits are downloaded in the project via mwelient library which enables us to work with
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specific Wikipedia page.

Ipip install mwclient - #mediawikiclient
import mwclient,
import time

site=mwclient.Site("en.wikipedia.org”) #class that enables us to work with specific wiki site

page=site.pages[“Bitcoin

Fig 3.2. Fetching the Bitcoin Page

3.1.2 Financial Data from Yahoo API
_Yahoo Finance API provides financial data, including stock prices, historical data, market summaries,
and company information. Developers can access this data through the API, facilitating the integration

of real-time and historical financial information into applications, websites, or analysis tools. The API

supports a range of endpoints for diverse financial data needs.
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Fig 3.3. Yahoo Finance showing current Bitcoin Price
The price history of bitcoin against Indian Rupee from its starting date to current date (on which the

project was completed) is fetched by Yahoo API.

Open | High X Y v volume | Dividends ' Stock Splits
Date 2 : 3

2014-09-17 00:00:00+00:00 °
2014-09-18 00:00:00+00:00 2

2014-09-20 00:00:00400:00 2.401585¢+04
2014-09-21 00:00:00+00:00 2.483157e+04 -

2023-11-18 00:00:00+00:00 3.006040¢+06 _ 3,057181e+06 | 2.088633¢+06  3,048202¢+06 186485764064
20231119 00:00:00+00:00 3050592606 3.068408e+06 30179366406 30472678406 ' B90007668332

2023-11.20 00:00:00400:00 30472526406 3.034126e+08 - 3.114010€+08 | 1076801610348

20231121 00:00:00000:00 3.112970e+06 3.147153¢+08 3.074437e+00  3,122672¢+06 1740456822727
2023-11.22 00:00:00+00:00 2.980164¢+08 3.0626760+08  2.680164+08 | 3.052020e+06 2380869426280 . O

3354 rows x 7 columns

Fig 3.4, Fetched Price data from Yahoo API
3.2 Sentiment Analysis

3.2.1 Downloading pre-trained Sentiment Analysis model

The pipeline module from the transformers library simplifies the usage of pre-trained models for
various natural language processing tasks. It allows you to perform tasks like text generation,
sentiment analysis, and question answering with minimal code. For example, pipeline('sentiment-
analysis') initializes a sentiment analysis pipeline that you can use to analyse the sentiment of a given

text. This library is built on top of Hugging Face's Transformer models.
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Ipip install transformers fiprosteatned deep loarning modols
fron transformers import pipeline

sentiment_pipeline=pipeline¢"sentinent-analysis®y athis downloads the sontiment| analysis madel
Fig 3.5, Pre-Trained Sentiment Analysis Model using transformers library
3.2.2 Analysing sentiment of Revision cdits
Each comment edit that was made on the Wikipedia page is evaluated whether it has positive, neutral
or negative sentiment, A scove is assigned to the sentiment that is coleulated by {the model, Positive
having score equal to | and negative as =1,
oditse{)

for rev in revsy i) W ! |
date-time,strftime{"Sv-0n-Xd" rev [*timostamp™])  meowvert timeutamy dabatyps (hamed duirle) (nto atrlng |
| R |

1€ date not in editsy
edits[date] = dict(sentiments=list(), edit_count=o)

elits[date] | "edit_tount™] +=1

comeont = rov.get( tcomment™y ")
odits[date)["sentiments* ] append{ Find_sentiment(comment))

poditssdictionary with date as hey and noy of times vhe page was edited along jdth {he 'sentiment of thie comment en that particular date

Fig 3.6. This code calculates all edits in a single day and find average sentiment of each day
All the missing dates are filled using pandas.date_range and in reindexed so that no missing values is
there. Rolling Average is used to determine the average sentiment of last 30 days for each day. This

‘edits’ is then converted into pandas Dataframe and merged with market price data to be used for

prediction model

g sentiment

S UR——— s s g

20000406 | 0433333 0.00562C 0.025000
2009-04-07 b\;o'boooo i 6.660050'6'

'200004.08  0.000000 0 '0.000000
'5669-64-69 ' | ;
20000410

20231020 0766667 0.1098 '0.141026°
20231030 0766667 0.100872 0.141026

20234031 0766667 0.109872 ' '0.141026
20231101 0766667  0.109872 0.141026
20231102  0.766667  0.109872 0441026 . .

5324 rows x 3 columns

Fig 7. Sentiment Data
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3.3 Predictive Model

3.3.1 Exploratory Data analysis
Features like “stock splits® and *dividends® were removed ns they were not usclul to the model, The
date time index for price data was converted from nware to natve to match the sentiment date time

index, All the column names are converted into lowercase for the ease of programming.

le6
51 — close

0

s 3016 3017 2018 2018 2020 2021 2022 2023
Date

Fig 3.8. Plot between closing price and date
Fig 8. shows that price of bitcoin has spiked suddenly in the year 2021 and 2022.

3:3.2 Combining the sentiment data with Price data

The previously made sentiment data is imported and combined with the price data and only those rows

are considered which have same dates. We then observe whether the price goes up or down the next

day by comparing the closing price of next day and closing price of current day. The tavget variable

would be 1 if the prices go up and 0 if it goes down. We observed that there are as much increase in

price as there are decrease in price.




btc[“tavget“].vnluq_counts()

1 1824
Y 1510

Name: target, dtype: intca

Fig 3.9 Tareet variable <iontfioe ‘
12 3.9, Target variable signifies inercase or decrease in price per day

sentiment | heg_sentiment tomorrow target
i o oo 10
0002710 26000001041
£700.870000
26241.833084
} z‘,‘;za.um

20231030
20231031
2020401
120231102

§34 rﬁ\sx 10 solurmns |

Fig 3.10. Combined Data of sentiment analysis and Price data

3.3.3 Training Baseline Model
Implement a baseline Random Forest model using the pre-processed data. Random Forest is chosen

for its simplicity, interpretability, and ability to handle both numerical and categorical features. Utilize

libraries such as scikit-learn for model implementation.

srandon forest- avoids overfitting and fast
from sklearn.ensemble import RandomForestClassifier

model = RandomForestClassifier(n_estimators=10e, min_samples_split=5e, random_state=1)

# n_estimators=1e0 individual decision tree :
#min_sample_split- each descion tree should not split unless it has 50 samples, reduces overfitting

#splitting data for training and testing, last 200 days.are te;ting set, rest are training
train = btc.iloc[:-200] . Ky ‘ SRR O o
test = btc.iloc[-200:] | A ' f

the data is time series data.’ order is| important
"low", “edit_count", “sentiment, "neg_sentiment"]

0y

#no cross validation technique is used as
predictors = [“"close”, “volume", “open”, “high", "
model,fit(train(predictors], train["target”))

y RandomForestClassifier

RandomForestClassifier(min_samples_split=50, V"ar"f_""‘_“ate‘})h

Fig 3.11. RandomForest Classifier
3.3.4 Using XgBoost Classifier along with Back (esting

An XGBoost classifier is employed for predicting Bitcoin prices by integrating sentiment analysis,

Historical data, encompassing cryptocurrency prices and sentiment features, is used for training and




testing the wodel, The trading strategy is back tested, simulating its performance using historical data.
The XGBoost classifier is assessed based on necuracy metrics, and the back testing results, such as
cumulative returns and other performance fndicators, gulde the refinement of the model and strategy.
The combination of XGBoost classification and bacek testing provides a comprehensive framework

for predicting Biteoin prices and evaluating (he ¢ffectivencess of sentiment-based trading strategies.

athis function would combine all the predicted values with actual values
dof predict(train, test, predictors, model):
model.fit(train[predictors], train["target"))
preds = model.predict(test[predictors]) ‘
preds = pd.Series(preds, indexstest.index, name="predictions®)
combined = pd.concat([test[“target“], preds], nxis-i)
return combined

sstart defines how much mstor:cal data to be used(1095=3yrs)
astep defines period the amount we want to make predictions for after: the start (150=6 months)
def backtest(data, model, predictors, start-logs, step=150):

all_predictions = [] 2

for i in range(start, data.shape[0], step):
train = data.iloc[6:1].copy()
test = data.iloc[i:(i+step)].copy()
predictions = predict(train, ' test, predictors, mode].)
all _predxctmns.append(predxctions) i

return pd.concat(all_predictions)
Fig 3.12. Predict function combines the predicted values with actual values
Back test function keeps making new predictions aller 1095 days for every next 150 days

#learning rate=lower the number less overfitting
from xgboost import xGBClassifier

model = XGBClassifier(random_state=1, learning_rate=.1, n_estimators=200)
predictions = backtest(btc, model, predictors)

¢ Fig 3.13. XgBoost Classifier
3.3.5 Improving the Model using different time horizons (Trends)
Trends in the data are computed using a function compute_rolling to compute rolling averages and

ratio for various horizons and add them as new columns to the input DataFrame (btc). It also returns

a modified DataFrame along with a list of new predictor column names.
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uflnd trends in various column in the 1a
st pe
def compute_rolling(btc): period
horizons = [2,7,60,365)
new_predictors = [“close", "sentiment®, "neg_sentiment"]

for horizon in horizons:
#compute rolling averages
rolling_averages = btc.rolling(horizon, min_periods=1).mean()

#Compute close ratio )
ratio_column = f"close ratio {horxzon}" ;
btc[ratio_column] = btc["close"] / rolling_averages[“close"]

# Compute sentxment-related features
edit_column = f"edit_{horizon}" _
btc[edit_column] = rolling_averages["edit count?]

# Compute rolling averages: for the target var1able
rolling = btc.rolling(horizon, closed='left’, m1n_per10ds-1).mean()

trend_column = f"trend_{horizon}"
btc[trend_column] = rolling[“target”]

# Update the list of new predlctor columns
new_predictors+= [ratio_ column, trend _column, ed1t column]

return btc, new _predictors ... ...l

Fig 3.14. Computing rolling averages to find trends in data
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Chapter 4: Evaluation of the Predictive Model

4.1 Evaluation of RandomForest Model

The RandomForest model achicved a precision of 55%, indicating its ability to correctly identify relevant
instances among the total predicted positives. Precision, a crucial metric in classification evaluation, significs
the proportion of true positives among all instances predicted as positive,

#evaluating the predictions
from sklearn.metrics import precision_score

preds = model.predict(test[predictors])

preds = pd.Series@reds, index=test.indexﬁ]
precision_score(test["target"], preds)

0.5504587155963303

Fig 4.1. Precision score of RandomForest model.

Since the precision of this model is not very high, therefore refinement of this model is done by using XGBoost

Classifier

4.2 Evaluation of XGBoost Classifier Model

The XGBoost model demonstrated a precision of 54%, indicating its ability to accurately identify relevant
instances among the total predicted positives. Precision, a key classification metric, highlights the model's

capability to minimize false positives. We did not gain much different result from Xgboost even after using

back testing along with it.
predictions["predictions”] .value_counts()
1 1178

0 1061 e sl
Name: predictions, dtype: int64

precision__score(predictions["target"], predictions["predictions”])

0.5449915110356537

Fig 4.2. Precision score of XGBoost Model

4.3 Evaluation of Model considering the trends

The model with rigorous back testing and rolling averages along different time horizons (2, 7, 60, 365 days)

yielded a precision score of 71 % indicating the highest precision recorded among other models. This would

lead to highly accurate predictions which could be further used for real-life prediction upon fine tuning,
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predictions = backtest(btc, model, new predictors)

precision_score(predictions["target"], predictions[“predictions“])

0.7141744548286605

Fig 4.3. Precision score of model after back testing the trends
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Chapter 5: Conclusion

5.1 Future Scope
The research on predicting Bitcoin prices with sentiment analysis opens avenues for futurc exploration and
advancements in understanding the intricate dynamics of cryptocurrency markets. Several promising
directions emersge, shaping the future scope of this research;
5.1.1 Enhanced Sentiment Analysis Techniques
Further refinement of sentiment analysis techniques, including advanced Natural Language
Processing (NLP) approaches, sentiment context analysis, and sentiment disambiguation, holds
potential for capturing more nuanced and accurate sentiment signals. Advancements in these
techniques will contribute to the precision of predictive models, enhancing their effectiveness in
forecasting Bitcoin prices.
5.1.2 Integration of External Data Sources
Expanding the scope of data integration to include macroeconomic indicators, regulatory
developments, and blockchain transaction data can provide a more holistic view of the cryptocurrency
ecosystem. Future research should explore comprehensive frameworks for seamlessly incorporating
these external factors into sentiment analysis models, aiming for. a more comprehensive understanding
of market influences.
5.1.3 Real-Time Sentiment Analysis
The cryptocurrency market's rapid pace requiresv a shift toward real-time sentiment analysis.
Developing methodologies for capturing and analysing sentiment in near real-time will empower
market participants to make agile and well-informed decisions amidst swiftly changing market
conditions. Investigating technologies and strategies for dynamic sentiment analysis will be crucial
for staying ahead in this dynamic environment.
5.1.4 Explainable Al in Cryptocurrency Predictions

The demand for transparent and interpretable Al models is growing. Future research should prioritize

the development of explainable Al models specific to cryptocurrency predictions. Models that provide

clear insights into the features influencing predictions will enhance trust among users, enabling better-
informed decision-making in the cryptocurréncy market.

5.2 Limitations of this study

While this study provides valuable insights, certain limitations should be acknowledged:

5.2.1 Data Limitations

The study relies on the availability and quality of historical Bitcoin prices and sentiment data. Data

limitations, including gaps or inaccuracies, may impact the model's performance and generalizability.

5.2.2 Model Generalization
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The pledlcuve models developed in this research may have limitations in generalizing to different
market conditions or time periods. Future studics should explore model robustness across diverse
scenarios.

5.2.3 External Factors

The research considers sentiment and historical data, but external factors such as regulatory changes,
macroeconomic shifts, or unforeseen events were not extensively incorporated. Further research could
explore ways t0 integrate a broader range of external factors.

5.2.4 Dynamic Nature of Cryptocurrency Markets

Cryptocurrency markets are highly dynamic, subject to rapid changes and market sentiment shifls.
The study's static analysis may not fully capture the dynamic nature of these markets.

5.2.5 Model Interpretability

While predictive models show promise, their interpretability remains a challenge. Enhancements in

model interpretability are essential for fostering user trust and understanding.
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