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Abstract

The purpose of this study is to create an overview of the current industry practices concerning time series analysis
specifically focused on cryptocurrencies. This study attempts to initially introduce the classical time series models slowly
diving deeper to survey the field of altcoin price prediction to shed some light on currently available literature. Some of the
models discussed below include ARIMA and its variations, LTSM, and other sentiment analysis procedures majorly
targeting various alt- coins but as the first cryptocurrency, Bitcoin is observed to be the sole focus of the many studies
discussed here. The study largely focuses on Time series data with social media sentiment analysis, the various factors
affecting cryptocurrency prices, and finally discusses the prominent findings and results in the industry. This study is
conducted with a focus to increase awareness and knowledge of the mentioned topics among fellow researchers and

working professionals.
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1. Introduction

Analysis of sequential and time-bound datasets to find hidden
trends and repetitive behavior has been a major field of study
for some time now. With the increase in financial awareness
and an ample amount of resources within grasp, currently, a
deep computer-intensive analysis of financial markets to
predict future trends is heavily practiced in the industry. The
stock market and other investment options have evolved with
time, and so have investment techniques. Cryptocurrency is
one such recent form of investment option and all existent
financial techniques available for stock markets can be simply
applied to it. Cryptocurrency can be sub-categorized into 2
segments: Bitcoin and Altcoins (Alternate Coins). Bitcoin
was the first-ever digital cryptocurrency hence of- ten used as
synonymous to all of cryptocurrency though such is not the
case and other coins and tokens are often overshadowed by
its popularity. Any coin or token other than Bitcoin may be
called an Alt-coin, some major names being Ethereum,
Dogecoin, and Ripple. Although some literature also places
Ethereum out of the Alt coin category due to its own
popularity and market capitalization, we will consider it as an
altcoin for the sake of this study.

A plethora of the above-mentioned techniques for market
prediction apply Machine Learning, Neural Networks, and
concepts of Time-series analysis to tackle this problem of
unpredictable and seemingly unintuitive price fluctuations of
cryptocurrencies. As discussed earlier many studies have
explored the relationship between Bitcoin and its predictors,
however, other cryptocurrencies have not been studied upon
as much. Thereupon this paper attempts to survey most of the
currently available practices in the literature concerning time-
series analysis of altcoins price prediction and with a general

*E-mail address: shikhagupta@sschsdu.ac.in
ISSN: 1791-2377 © 2024 School of Science, DUTH. All rights reserved.
doi:10.25103/iestr.174.16

focus on studies concerning bitcoin.

2. Time Series Analysis

2.1 What is Time Series Analysis

A time series is a set of records that belong to a certain
timeframe and follow a certain chronological order. The main
feature that sets it apart from other datasets is its non-
randomness in terms of the data points collected.
Consequently, the process of finding the behavioral patterns
of data that change over time or the process of making
informed predictions based on previous patterns is Time
Series Analysis. Time series analysis is majorly performed to
extract these 3 features namely trend, seasonality, and
heteroskedasticity based on which pre- dictions are made.

2.2 Various Methods in Time Series Analysis
Classically there are 11 Variations of Time Series forecasting
methods [1] but different studies use a number of different
approaches to tackle this time series problem. The said
methods with other prominent alternatives are presented in
Figurel.

2.3 Role of Social Media and Sentiment Analysis

In the current world social media is everywhere and it affects
most things very greatly, be it in the form of communication
or being used as a highly influential tool to guide people to
form their opinion about something be it good or bad. The
term Sentiment Analysis can be simply understood as the
process of identifying the sentiments of the audience about a
particular commodity. This process of analyzing social media
sentiment and extracting the emotion out to be able to
quantify it helps greatly to make estimations about the most
probable future.
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Time Series
Analysis

Averaging

Methods

Simple Moving

Average (SMA)

14 Add certain amount of data
over specified time period
and divide the total by

number of data points

Wighted Moving Average

SMA treats all data points
equally, but WMA
different weights to specific data
points

Exponential Moving
Average (EMA)

EMA gives more wight (o
recent data points and less
weight to older data points

Fig. 1. Various methods

Regression

Vector Auto Regression
(VAR)

Economic technique to simulate
dynamic relationship among
multiple Time Series variables

Vector Auto Regression
Moving Average
(VARMA)

Analyzes and forec:

Mul Time
with both AR and MA behaviour

Vector Auto Regression
with Exogenous Variables
(VARMAX)

Includes exogenous variables (similar
10 SARIMAX model), helptul when
varnables complex and influenced
by both their past values and extemal
factors

How is social media sentiment extracted
Like time series analysis, sentiment analysis is a field of study
on its own and a lot of development has happened within a
very short span. The process of sentiment analysis is mainly
done by language processing models that always vary in
terms of their complexity and are often tailor-matched for the

problem at hand. One such study [2] attempted to sample a

Automatic Regression
(AR)

‘s current value id
linear combination
us values

Automatic Regression
Moving Average (ARMA)

Fuses the components of AR
(relationship with past values) and.
MA models into a single model
(relationship with past errors)

Seasonal Auto
Regressive Integrated
Moving Average
(SARIMA)

Includes seasonal components
to handle seasonality in Time:
Series data

Seasonal Auto Regressive
Integrated Moving Average
with Exogenous Variables
(SARIMAX)

Incorporates exogenous variables

additional features affe
Series behaviour

smaller time period containing 15000 tweets and found that
out of the eight emotions categories, i.e. anger (2%),
anticipation (18%), disgust (1%), fear (3%), joy (15%),
sadness (3%), surprise (7%), trust (15%) and the two

sentiments, i.e. negative (4%) and positive (33%), positive
sentiments proved to be the largest category in the sample
implying a positive movement in the market for the given

Machine
Learning

Linear Regression

dependant variable an
or more independant
variables

Support Vector
Machine (SVM)

Find the best hyperplane to
segregate different groups or
classes of data

Random Forest (RF)

Combines predictions of
multiple Decision Trees to
make more accurate
predictions (involves hoth
Regression and Classification
tasks)

Extreme Gradient

Boosting (XGBoost)

AL Same as Random Forest, used
to find patterns and
relationships betveen fealures

and outcomes

Steps for Sentiment Analysis

Step 1: Data Collection
Gather the text data from various sources, such as social media, customer
reviews, or any other platform where sentiment information is available.

\ 4

Neural

Networks

Long-Short Term

Momory (LSTM)

14 Recursive Neural Network
(RNN) used to capture
long-term dependancies and

patterns in sequential data

Bi-Directional
Long-Short Term
Momory (BiLSTM)

Considers information from
both past and future time steps
in the input sequence

Directional Bi-Directional

Long-Short Term
Momo
WM (Directional-BiLSTM)

Pays more attention to
information from a particular
direction

Gated Recurrent Unit
(GRU)
R €55 parameters - uses 2 gates

(Reset and Update) for flow
control within the hidden states to

capture long-term dependancies

Step 2: Data Preprocessing
Clean the text data by removing special characters, punctuation, and any
irrelevant information.
Convert the text to lowercase to ensure consistency.
Tokenize the text into individual words or phrases.

sample. Reference [3] takes a step further by including news @
sentiments to the mix targeting Bitcoin, Ethereum, and
Litecoin as the focus of their study. Figure 2 depicts the

general procedure for sentiment analysis. To avoid deviating
the survey’s main focus on current time-series practices only

Step 3: Stopword Removal
Remove common stopwords (e.g., “and," “the," "is") that do not carry much
sentiment information.

some intensively used sentiment analysis methods are
mentioned below:

1.

negative.

\ 4

Lexicon-based approach: All words are assigned a
number to signify a positive or negative emotion based
on which the sentences are calculated to be positive or

Step 4: Stemming or Lemmatization
Reduce words to their base or root form (e.g., "running” to “"run”) to reduce
variation in the data.

Machine Learning based approach: Machine learning

models are trained on large natural language datasets to
be able to develop classifiers robust enough to bifurcate
the inputs into positive or negative.

Hybrid: A combination of the above is also often

Step 5: Sentiment Classification
Use pre-labeled data to train a machine learning or deep learning model for
sentiment classification as positve,negative or neutral.

designed to cater to the needs of respective studies to
achieve promising discoveries.

Fig. 2. Sentiment Analysis
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Different studies use different approaches to tackle the
same problem and one such noteworthy study [4] advocates
for the use of BERT language models compared to
conventional Vader models as Vader fails to consider the
context to be better able to extract sentiment from social
media platforms. Study [3] makes use of textblob to boast of
an approximately 80% and 75% success rate in successfully
classifying positive tweets and negative tweets respectively.
They also mention that Sarcasm being very difficult to detect
may be partially responsible for the 25% false positive
segment of their result. Another study [3] worth mentioning
attempted determine the relationship between investors’
sentiment and the volatility of cryptocurrency prices, their
study forecasted the cryptocurrency prices using the Long-
Term-Short-Memory (LSTM) deep learning algorithm and
found very promising results during their classification of
sentiments via Support Vector Machine (SVM) and Naive
Bayes (NB). The multi-model study [4] for sentiment
prediction compares logistic regression, linear support vector
machines, and Naive Bayes. For Bitcoin, they found that
logistic regression performs the best: it was able predicted
43.9% of price increases and 61.9% of price decreases
correctly.

3. Prominent Findings and Results in Literature

The Stock market due to its importance and long history has
attracted many studies [5] and a noteworthy observation made
during the survey was that similar practices are utilized for
cryptocurrencies. These studies have often served as the
foundation for further research. Although Cryptocurrencies
are comparatively a newer commodity, they have their fair
share of market value to promote various studies to target
cryptocurrency market fluctuations as the primary focus of
their research. In recent years, academicians have plotted
parallels among markets have managed to achieve substantial
feats. Reference [6] conducted a systematic review on the
relationship between cryptocurrency and the stock market,
utilizing bibliometric and content analysis of 151 articles
from 2008 to November 2021 showing asymmetric herd
behavior and risk spillover between cryptocurrencies and
stock markets of emerging economies. This section of the
survey will discuss various studies concerning the said studies
and shed some light on the current state of the field. Tables 1
and 2 attempt to summarize and depict the prominent features
of the discussed studies in brief.

Table 1. Past researches predicting bitcoin using historical price only

Article D:: Eg(li)f:t Input set Models Sample period Main finding
Vidyulatha, G.[7] ]?)fczlsn BTC OHLC price ﬁ?glrl\e/lsl:‘i;llld Linear .{Eil};: 22%1250 to |ARIMA outperforms LR
Even when volatility is
Bitcoin Ensemble Model 2020/04/22 to considerable, the ensemble models’
Changqing Luo [8] prices BTC OHLC price |(VMD-LSTM- ELM)2020/07/20 prediction performance remains
largely acceptable.
. . . On all metrics, classification
I[\(/)I]u hammad J Amjad ]?)?iizlsn BTC OHLC price flr)liltnljiFI:R EC, 1/31/5;1;‘ to |algorithms perform better than EC
and ARIMA.
o IARIMAX
. Bitcoin . ? Jan 2012 IARIMAX outperforms,
Mahir Igbal [10] prices BTC OHLC price E(%I;Roogs’[ and dec 2017 to FBPROP and XGBOOST both
vector autoregression
Bitcoin . |(VAR) and Bayesian [04-01-2009  |[compared to actual values, BVAR
. . BTC OHLC price . model provided a more accurate
Ibrahim, A. [11] prices vector autoregression [01/08/2020 to s . o
prediction of the price of bitcoin.
(BVAR)
The direction and the value within
Latif. N.. Selvam Bitcoin |BTC OHLC price (10 12/21/2020 to the determined time period were
T ? prices | minutes fre- quency) [ARIMA and LSTM |12/21/2021 both accurately predicted by the
[12]
LSTM model.
Bitcoin BTC OHLC price Jan 2012 LSTM model outperforms all the
Prashant, 8. [13] prices  |(1-minute frequency) RNN and LSTM March 2021 o models
o Random Forest
. Bitcoin . . 31/03/15 MAPE for RF and LSTM were
Junwei Chen [14] prices | D1¢ OHLCprice Eg%rf\fs“’n and 010422  © [3.29% and 4.68% respectively.
Table 2. Past researches predicting bitcoin by incorporating Sentiments as feature
Article Dependent [Input set Models Sample period [Main finding
variable
Haritha, G.B [4] Bitcoin BTC OHLC price and[FinBERT 5 July 2021 BERT is better than VADER as it
prices Tweets to 5 October also considers context while
2022 calculating sentiments
Krzysztof Wolk [15] BTC OHLC Discovered that Google Trends data
Bitcoin price, Google trends [Hybrid model Jan 2018 to land negative sentiments were the
prices and Tweet sentiments Jan 2019 most effective predictors. Negative
(10- minutes sentiments and carries a larger
frequency) weight than positive ones.
Jacques Vella Cri- Voting classifier 30/08/2018 to  |Accuracy - 77% Voting classier
tienl [16] Bitcoin Bitcoin OHLC pricesModel (A hybrid23/11/2019 provides higher accuracy levels by
prices and Tweet sentimentsmodel made from first identifying the direction of the
Direction-BiLSTM rice change and then predicting the
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and Magnitude- lactual bin.
CNN)
Sai Prasanna Bitcoin Bitcoin OHLC 11/05/,2018 The LSTM model built using Adam
Gontyala [17] prices prices and Tweet LSTM to 29/05/2018  |optimizer outperformed Rmsprop.
sentiments (1-hour
frequency)
Hae Sun Jung [18]  [Bitcoin Bitcoin OHLC IXGBoost 01/08/17 to |Accuracy of 90.57% with AUC
prices prices and Tweet 28/02/22 value of 97.48%
Trends sentiments
Ifigeneia  Geor-  [Bitcoin Bitcoin OHLC prices|Vector Error- 27/10/14 to |Wikipedia views have a positive
goula [19] prices and Tweet sentiments [Correction Model (12/01/15 correlation with Bitcoin price. SVM
and SVM lyielded an accuracy of 89.6%.

3.1 Factors Affecting Cryptocurrency

The first and foremost step in any financial study is figuring
out the commodity’s indicators to draw a cause-and-effect
relationship to better understand the behavioral patterns of the
time-series data. As this serves as the foundation for the
prediction algorithms, an adequate amount of effort is put into
the same. While different studies focus on different attributes,
a superset of these attributes can be formed and the following
subsection will attempt to bring them to light.

Where an attempt to categorize bitcoin adoption and
investments on a country-based division [20], the most
obvious choice would be the macro-indicators (GDP,
Inflation, etc) these aren’t very helpful for a higher frequency
data and specific region-based studies. In such scenarios, it
has been observed that the majority of studies focus on a
specific set of attributes which can be fragmented into internal
(supply and demand) and external (macro-financial with
attractiveness levels) factors both in the case of bitcoin [21]
and other altcoins [22]. Another study [23] also tries to
explore this dependence between multiple cryptocurrencies
and their respective price-influencing factors with the help of
Bayesian networks. Reference [13] also explores this co-
dependence of the mentioned factors and Bitcoin prices
discovering that while some factors like Twitter sentiment,
Wikipedia searches, and Hashrates have a positive effect, it is
negatively associated with the Standard and Poor’s 500 stock
market index (which indicates the general state of the global
economy). Likewise, study [24] concluded their experiments
by stating that sentiment does not have an im- pact on crypto
prices in the short-term perspective, but there is a long-term
relationship between sentiment and crypto prices.
Furthermore, a study by [25] investigated the impact of online
user feedback on cryptocurrencies price volatility and trading
volume. The study found that Bitcoin (BTC) showed a
remarkable correlation with the amount of positive comments
on social media. On the other hand, the increase in positive
comments about bitcoin on social media platforms was
related to a price movement and transactional activity in the
cryptocurrency. Additionally, reference [13] performed a
time series analysis itself to find the long-run and short-run
influencers of Bitcoin prices. While the later included factors
like Wikipedia views, Hashrates and Sentiment Ratio, the
former comprised of the number of Bitcoins available and the
S&P 500 index.

Although internal factors have a non-deniable
contribution to cryptocurrency price fluctuations, there is a
surplus of studies to prove a strong dependence on the
cryptocurrency price with its external factors. [26] is a study
that shows that although each sub-factor has some degree of
relation with price, it is the combination of all these subfactors
that provide the best results. While we know that a
combination of these subfactors is a better choice, many
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studies only focus on social media sentiment to predict these
market fluctuations and have managed to achieve
commendable results. Some such studies [27, 28] have solely
focused on Twitter sentiments to judge the price fluctuation
and have a very strong relation between the two. One
astonishing discovery that came to light during their study
was that around 1-14% of the daily tweets that were collected
were created by Twitter bots created either to manipulate or
promote the overall sentiment of the respective
cryptocurrency [28]. There also exists a study [29] that claims
that what drives the attention of online investors is mostly the
evolution of prices and not the evolution of technology. They
also point out that often emojis that play a crucial rule for
sentiment calculation are often removed for simpler
calculations.

Cryptomarket Marco-Financial Political

Supply and Demand » Attractiveness » Stock Market * Legalization
E > Literacy
» Economic
Freedom

St(POW/POS) » Potential Future

sh Rate)

» Forks (Rule Changes)

»| Internal Factors »| External Factors |«

~{_Cryptocurrency Price =

Fig. 3. Factors affecting Cryptocurrency

3.2 Accuracy of Price Fluctuations

Although the statistics of the respective evaluation metric
score vary abruptly across different studies due to their
respective approach to the problem and the features of the
datasets the studies base their work on, these help us better
visualize and grasp the essence and magnitude of their results.
Broadly we can categorize these studies into 2 categories
based on their dataset frequencies as a metric:

1. Low/Mid Frequency: Studies that focus on a dataset
with a monthly frequency, i.e. there is only one data
point representing the said timeframe or with a focus on
daily frequency.

2. High Frequency: Studies with an hourly or minute-wise
dataset frequency. One thing to mention before we start
discussing the following studies is that it would seem
that the studies with a higher frequency will often have
higher statistics compared to their lower-frequency
counterparts though with their exceptions, one simple
reason for this may be the availability of a greater
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number of data points for the algorithms to work on and
this does not mean that the latter may be better than the
former. Each study serves to better our understanding of
the topic.

3.2.1 Low/Mid Frequency dataset-based studies
This subsection will discuss studies that have focused on a
lower frequency dataset that compared to their higher
frequency counterparts have lower statis- tics in terms of their
accuracy scores and error scores.

One observation that was made by [29] claims that the
ARIMA model is superior to the Linear Regression machine
learning model in terms of predicting financial fluctuation for
Bitcoin in the short run. The study focused on the time frame
of 5 and a half years and managed to get on-par results with
its machine-learning counterparts. Likewise, the study [10]
also observed that ARIMAX is the best algorithm to forecast
the change in the bitcoin price in the market with RMSE of
322.4 compared to FBProp and XGBoost algorithms with
RMSE scores of 229.5 and 369 respectively. In addition,
reference [30] compared ARIMA with classical machine

learning models. The study [30] experimented for both cases,
univariate and multivariate models in which the ARIMA,
ANN (Artificial Neural Network), Kriging, and Bayesian
models are used as univariate while ANN, SVM, RF, and
Bayesian models were proposed for multivariate case. It was
observed ARIMA and Bayesian provides better results
compared to other univariate models since they have smaller
RMSE and MAPE values compared to other models.
However, the SVM outperforms all the univariate and
multivariate models and is selected as the best model where
its performance measures of RMSE and MAPE are much
smaller than the values of all other models. It was also
indicated by Reference [31] that a time-series approach leads
to better results than a conventional one-day timeframe for
bit- coin price prediction. Consequently, Reference [32] also
observed that for the short-term forecast, the error of the
BART (Bayesian Additive Regression Tree) algorithm was
half the size of the error of the conventional ARIMA model
on average. It was also observed that it was almost 15-20%
lower than the error of the ARFIMA model for slowly
changing periods.

Table 3. Past researches predicting altcoins using historical price only
Article Dependent variable Input set Models Sample period Main finding
Cryptocurrencies prices Recursive Residual Some currencies show
(BTC, ETH, DASH OHLC price of Test and VEC 3 years (2015, |[strong bidirectional
Adedokun, A.,[34] D’O GE ’etc ) ’ cryptocurrencies Granger/Block 2017 and 2018) |causality
> Exogeneity Test
Fourier Transform and
Cryptocurrencies prices OHLC price of Fourier Transform and 7/8/2015 to F-Transform had
Srdan Jelinek [35] (BTC, ETH, LC) cryptocurrencies F-Transform with FIS 24/12/2018  [recuracy of 66% and
61% respectively.
- Cryptocurrencies prices . ILSTM outperforms
pewerilioe (e Emiboor, | OMCHees | isma | 0O Ay e magn
EOS) for all the coins.
ILSTM is not able
David Meijer [37] Ethereum.and Ripple OHLC price Qf LSTM 01/01/2017 to ;(e)sult:Chfsve therehg:rli
prices cryptocurrencies 30/04/2020
structed models show
signs of over- fitting
multi-head attention- 05/07/2019 to _frecuracy of 98.46% and
Sridhar, S [38] Dogecoin prices DOGE OHLC price based transformer 28/04/2021 R-squared value of

. Cryptocurrencies prices OHLC price of
Kurniawan, K [33] (BTC, XRP, DOGE) cryptocurrencies
Cryptocurrencies prices OHLC price of
Derbentsev, V. [32] (BTC, XRP and ETH) cryptocurrencies
Cryptocurrencies prices OHLC price of
Persson, E [39] (BTC, SOL and ETH) cryptocurrencies
Cryptocurrencies prices .
Kwon, D-H [40] (BTC, XRP, ETC, :Dﬂtgéﬁziii
ETH, etc.) P
Cryptocurrencies prices .
Bouteska, A. [41] (BTC, XRP, LTC, OHLC price of
cryptocurrencies

ETH)

encoder-decoder model

ARIMA, GARCH and

07/08/15 to

0.8616
Holt — Wintertime series

— model out- performs
Holt’s Winter 30/06/22 IARIMA and GARCH
for  the  short-term
ARIMA, ARFIMA and| 01/01/2017 to |forecast, BART is much
BART 01/03/2019 better  choice  than
IARIMA
ARIMA, GARCH, 5022-01-01 to LSTM outperformt‘jd
LSTM, Transformer, 2022-05-20 the other models in
Prophet and Naive walk times of higher volatility
LSTM model is always
LSTM and GB 8;;86/17 to superior to the GB
5/2018 . .
imodel in all metrics.
Trading strategies based
on deep learning (for
Arima, MLP, LSTM, Ripple) or ensemble
AdaBoost, Light GBM, 0;/10/321/2;0 learning (for Bitcoin,

Simple RNN, GRU

[Ethereum, and
Litecoin) gives better

results.

Another study [34] that attempted to analyze the
differences in trends with the help of methods similar to VAR
models found that while there was a synchronization of price
boom in cryptocurrency in 2017 the investors were more
aware of the individual cryptocurrency projects in the
upcoming year resulting in de-synchronized market
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fluctuation of cryptocurrency in 2018 respectively. A study
[42] utilizing Random Forest Regression and LSTM with the
implementation of Lags (a concept stating that there exist a
delay for the effect to actually materialize) in their study
targeting Bitcoin observed that whether it was random forest
regression or the LSTM algorithm, as the number of past
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periods of the substituted explanatory variables increases, the
prediction accuracy of the model decreases. Likewise
reference [16] used voting classifier model (Direction-
BiLSTM and Magnitude-CNN models merged together) to
attain an accuracy of 77% reaffirming the above claim of
decreasing accuracy in case of more lags being added after a
3 day lag. A noteworthy Reference [43] that makes use of
available technical indicators with the help of machine
learning based neural net- work to predict bitcoin prices had

managed to attain a accuracy of 94.89% under all
circumstances of technical trade indication increasing trader
confidence by graphs depicting a real BTC value 5 to 10 times
in 300-days of respective fiscal year. Another study [36] that
relied on LTSM as their model focused on EOS- USD as their
cryptocurrency. The study made use of EPOCHS and
constantly fed the data points to algorithm in the different
sized fragments.

Table 4. Past researches predicting altcoins by incorporating Sentiments as feature

Article Dependent variable Input set Models Sample Main findin;
p p p g
period
Cryptocurrencies The volume of tweets and Google
Jethin Abraham |Cryptocurrencies prices [OHLC prices, IPearson Correlation [04/03/18 to (Trends were both highly correlated
Typ p p ghly
[44] of 181 currencies Google trends and  |Coefficient 03/06/18 to pricing.
Tweet sentiments.
Dash and Bitcoin- . DL-GuesS out- performs the
Raj Parckh [45] Cryptocurrencies prices |cash OHLC prices glﬁé}zizsL(;%lﬁl_d 03/03/21 to (traditional systems with MAPE
J (Dash and Bitcoin cash) fand Tweet 01/04/21 being 4.7928 for Dash and 4.4089
. based model) L
sentiments. for Bitcoincash
IMLP performs better than random
. |Cryptocurrencies prices . forest and SVM for single feature
Fignco Valencia (BTC, ETH, XRP and gweelz sentiments (I_SVM, RF and MLP ;?igiﬁg 0 [ octor classification designs.
[46] LTC) our frequency) lAccuracy for Bitcoin was 0.72
with 0.74 precision.
Positive tweets are identified with
Tianyu Ray Li . Tweets (1-hour 26/01/19 to |a success rate of over 80% and
[47] Tweets Sentiment Score frequency) Textblob 19/02/19 negative tweets with a success rate
of 75%.
) . . Cryptocurrencies The precise senyiment of messages
githy Sz{;-Hsuan CEr\};I])tocélréE?(es PHICES 1OHLC prices, and  |Autoregression gljﬁ)gﬁg 1 lposted on social media is also
en [29] (EW an ) Tweet sentiments. 7 extremely well captured by emojis.
. . Trust (15%) and positiveness
M. Kabir Hassan Tweets Sentiment Score [Tweets NR.C emotion - (33%) found to be biggest
(2] lexicon .
sentiments.
INaive Bayes model struggles to
S c . | oistic R ) reliably anticipate daily price
Oik logCryptocurrencies prices OrI_}I/Eté)cm.‘renmes i Odgl];tlc eﬁ?elffl." " 124/09/17 to [fluctuations that deviate from the
1 <OnOMOPOUIOS BT ETH and LC) prices, and - jand bernoullt Nawve 314,17 |overall trend but works rather well
(3] Tweet sentiments.  Bayes for identifying broad trends in coin
prices.
Crvbtocurrencies prices Cryptocurrencies A heur.istic methgd is created to
O. Kraaijeveld (ﬁ% ETH and XpRP OHLC prices, and  |Granger Causality |04/06/18 to (determine that Twitter bot accounts
[48] : Tweet sentiments. ~ ftesting 04/08/18 ~ [posted at least 1 to 14 per- cent of
etc) (1-hour frequency) the Tweets that were acquired.
Bitcoin can be used to predict
future sentiment in the market.
. . [Cryptocurrencies  [Pearson Correlation sentiment does not have an impact
Frank van Cryptocurrencies prices OHLC prices, and fand Granger 01/01/19to o crypto prices in the short-term
Engelen [24] (BTC, ETH and ADA) Tweet sentiments. [Causality 31/12/22 perspective, but there is a long-
term relationship between
sentiment and crypto prices

Additionally, [35] attempted a Fourier-based approach
wherein they worked with Fourier Transform with FIS and F-
Transform with FIS. They concluded their study with a
somewhat expected result that the F-transform is slightly
better than the Fourier transform, which is to be expected
since conventionally the Fourier transform is used for
predicting derivatives prices. Reference [36] moves a step
further to suggest LTSM (Long short-term memory) methods
over the conventional ARIMA-based studies due to better
RMSE values resembling the results of many studies that will
be discussed in the next subsection while we should also note
that some studies like [9] also exist that indicate that we
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should use classification algorithms in settings where the
underlying time series is stationary and mixing. Furthermore,
Reference [44] applied Pearson Correlation Coefficient as
their experiment model and reported that the Sentiment of
tweets was not a reliable indicator when cryptocurrency
prices were dropping. Although both Google Trends and
tweet volume were observed to be highly correlated with
price also maintaining itself during periods of increasing and
decreasing prices suggesting that the relationship is robust to
periods of high variance and non-linearity.

A unique approach of combining different models to
create a hybrid model to cater to the needs of the researchers
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is also a trend that was observed during our survey. Reference
[45] uses DL-GuesS (hybrid GRU and LSTM-based model)
claiming a better performance compared to the traditional
approach with MAPE acquired for Dash and Bitcoincash as
4.7928 and 4.4089 respectively. Another prominent model
used by [18] was XGBoost which outperforms the
conventional machine learning models like Logistic
Regression, SVM and Random Forest. While the study only
predicted the trends and not the magnitude of these trends,
they managed to achieve an accuracy of 90.57% and an AUC
value of 97.48%.

Consequentially, reference [9] attempted to identify an
effective ML algorithm for long-term Bitcoin price
predictions, using technical indicators as model inputs on the
historical price data from May 2017 to May 2023. As per their
study LSTM was the found to be the most accurate ML
algorithm among those tested, with technical indicators EMA
and SMA having a significant impact on model performance.
Reference [41] provide a comprehensive comparative
analysis of ensemble learning and deep learning forecasting
models, on various cryptocurrencies (Bitcoin, Ethereum,
Ripple, and Litecoin). The results of this study reveal that
gated recurrent unit, simple recurrent neural network, and
LightGBM methods outperform other machine learning
methods, as well as the naive buy-and-hold and random walk
strategies. Reference [49] examined hybrid LSTM machine
learning models that can be used for the prediction of
cryptocurrency prices especially Bitcoin. The numerical
outcomes attested the fruitfulness of hybrid LSTM model
with impressive results like 150.96 RMSE reduction for ETH
and reduced normalized one-RMSE of only 0.05. LSTM and
CNN-LSTM have shown promising results in capturing now-
linear relationships, long-term dependencies, and complex
patterns. Moreover, consistent trends were observed in
multiple cryptocurrencies during the same period, which is
required to be further explored [S50][51].

3.2.2 High-Frequency dataset-based studies:
As discussed earlier, studies with a frequency greater than a
daily timeframe reported higher statistics compared to their
other counterparts. One such study is [12] which managed to
achieve accuracy figures of 98.21% and 99.73% with ARIMA
and RNN-LTSM respectively. The study focuses on a 10-
minute interval of bitcoin price from 21st Dec 2020 to 21st
Dec 2021. Another crucial feature of the study that should be
mentioned is that only 5% of data was taken as the test set
while the other 95% served to train the above-mentioned
models. An observation recorded during their study implies
that while ARIMA could only track the trend of Bitcoin
prices, the LSTM model was able to predict both the direction
and the value during the specified time period. One study that
uses a different model than the ones mentioned above to
achieve great results is [38]. The Multihead attention-based
transformer encoder-decoder model simply put is a
combination of multiple attention modules where each
module repeats its computations multiple times in parallel.
This is quite a different model from the conventional time-
series models often used by studies. The study specifically
focussed on the period of 05 July 2019 to 28 April 2021 to
predict dogecoin price fluctuation to achieve an accuracy of
98.46% and an R-squared value of 0.8616 which in itselfis a
humongous achievement and overheads many studies
discussed till now by a comfortable gap.

Other noteworthy studies that need mentioning are [11]
and [33]. While [11] used vector autoregression (VAR) and
Bayesian vector autoregression (BVAR) and observed that
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where the VAR model proved to be superior in terms of
predicting a great pattern for the fluctuations BVAR was
much more accurate to predict the bitcoin values.

On the other hand, Reference [26] applied and compared
3 models namely: ARIMA, GARCH (Generalized
AutoRegressive Conditional Heteroskedasticity), and Holt’s
Winter, they observed that Holt - Wintertime series model is
a better Bitcoin, Ripple, and Litecoin forecasting model
compared to ARIMA and GARCH. Reference [39] ups it
another notch by comparing five different models: ARIMA,
GARCH, LSTM, Transformer, Prophet, and Naive Walk.
Their study targeted Solana (SOL) Bitcoin (BTC) Ethereum
(ETH) for the period of 1st Jan 2022 to 20th May 2022. The
study concluded that LSTM and ARIMA-GARCH performed
best in a scenario of low volatility, while the LSTM
outperformed the other models in times of higher volatility in
their experiments. Another study that advocates for LSTM
[19] states that the LSTM model outperforms as compared to
all the models with the minimum MSE score. The study
focused on a minute-by-minute frequency of bitcoin prices for
the time period of January 2012 to March 2021. The
experiments were performed with an 80-20 split of training to
test data. Furthermore, reference [40] found a similar trend
that the LSTM model is always better than the GB model for
all cryptocurrencies (BTC (Bitcoin), ETH (Ethereum),
XRP(Ripple), BCH (Bitcoin Cash), LTC (Litecoin), DASH
(Dash), and ETC (Ethereum Classic)), they performed a time
series classification upon. It should also be mentioned that
[32] promotes non-linear deep learning models over ARIMA
which performed poorly in their study. Although a study [37]
also states that in some scenarios, the LTSM model was prone
to overfitting. Another multi- currency study [46] that targets
Bitcoin, Ethereum, Ripple, and Litecoin found that in the case
of single feature vector classification design, MLP
outperforms other classification models like random forest
and SVM. An interesting feature in study [52] was observed
during our survey, it focused only on 135 influential Twitter
accounts rather than the full sample and were able to achieve
commendable results indicating a smarter and more efficient
approach for future research.

Additionally, a different approach was put into use by
[14]. The study con-siders the multiple factors that affect the
cryptocurrency price and generates a new Ensemble Model
(VMD-LSTM-ELM) to achieve a prediction accuracy of
95.12%. The model puts into consideration the multiscale
attributes of cryptocurrency price and matches different
machine learning models to overcome the same. It was also
observed that even when the volatility was high, the
prediction performance of the ensemble models was at a
relatively satisfactory level. Reference [15] also uses a hybrid
model comprising of least square linear regression and
Bayesian Ridge Regression Model that achieved consistently
good results even with blind testing data. They concluded
their study by stating that the most powerful predictors were
found to be Google Trends data together with general
negative sentiment (including weighted sentiment).
Additionally, observing that Negative news carries a larger
weight, as shown by the correlation values during their data
exploration phase

According to the literature check, most of the papers only
read using literal data and don’t operate with real-time data.
The majority of them use literal day-to-day ending prices
rather than current prices and don’t deal with short time
intervals similar to five minutes or fifteen minutes.
Cryptocurrency price is largely unpredictable and volatile,
making it difficult to manage and much more complex to
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study. A majority of the studies used univariate time series
models, which don’t take advantage of the other indicators
and other influential features to ameliorate the complexity.
Deep learning models are effective in predicting crypto prices
but have limitations like complex model training and a long
training time, which makes it grueling to train the model in
real time. The forecasting accuracy varies greatly between
models and cryptocurrencies, and there is no obvious trend
that would allow us to determine which model is best or which
coin is the most predictable throughout the validation or test
periods. However, when compared to other similar studies,
the forecasting accuracy of the individual models generally
seems low. This is not unexpected given that the top model in
its class is based on maximizing the average of returns one
step forward rather than on minimizing predicting error.
Furthermore Reference [17] found out in their experiments
that the LSTM model built using Adam optimizer
outperformed Rmsprop.

4. Conclusion

This paper has discussed various time series models and
different approaches utilized by different studies available in
current literature to attempt to create a general overview of
the current state of the respective domain. This study explored
diverse time series models and various methodologies to
predict cryptocurrency trends with high accuracy. It also
covers various factors which affect the price of the
cryptocurrencies, Internal factors which include transaction
cost, amount of coin in circulation, and mining difficulties can
have an effect on the potential growth and demand of the coin
whereas some factors such as market trends, exchange rates,
the popularity of the coin are some external factors which can

have a huge effect on the price of the coin.

In low-frequency datasets, time series models like
ARIMA and ARIMAX have preformed significantly well
outperforming the linear Regression machine learning model
in predicting short-term financial fluctuations for Bitcoin. An-
other model which is BART(Bayesian Additive Regression
Tree) outperforms the ARIMA algorithm for short-term
forecasts and the error was half the size of the error of the
conventional ARIMA model on average. Furthermore, it was
observed that some studies advocated LTSM (Long short-
term memory) methods over the conventional ARIMA-based
studies due to better RMSE values.

Consequently, for the case of high-frequency datasets, a
variety of models have performed well, where models like
ARIMA and RNN-LSTM have managed to predict the price
of bitcoin with commendable accuracy of 98.21% and
99.73% respectively. The key observation was that ARIMA
was only able to track the trend of the Bitcoin price whereas
LTSM model was able to predict both the direction and the
value during the specified time period. The VAR and BVAR
models also performed significantly well, with BVAR being
superior in predicting the actual values. It was also observed
that Holt - the Wintertime series model is better than ARIMA
and GARCH models in forecasting various cryptocurrencies.
As a precautionary note, while this survey attempts to create
a comprehensive overview of the said domain, it has its
limitations and would like to inform the reader of the same
and suggest further reading to achieve an even deeper
understanding of the domain.

This is an Open Access article distributed under the terms of
the Creative Commons Attribution License.
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