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Abstract: Crypto price prediction is a category of time series prediction which extremely challenging due to the
dependence of crypto prices on several financial, socio-economic and political parameters etc. Moreover, small
inaccuracies in crypto price predictions may result in huge losses to firms which use crypto price prediction results for
financial analysis and investments. Conventional statistical methods render substantially lesser accuracy compared to
new age machine learning techniques. This machine learning based techniques are being used widely for crypto price
prediction due to relatively higher accuracy compared to conventional statistical techniques. This paper presents a
review on contemporary data driven approaches for crypto currency forecasting highlighting the salient attributes.
Moreover, the identified non-trivial research gap in the existing approaches has been used as an underpinning for
subsequent direction of research in the domain. The paper culminates with the performance metrics and concluding
remarks.

Keywords: Crypto price Forecasting, Data Driven Models, Regression Analysis, Machine Learning,
Performance Metrics.

1. Introduction

With increasing digitization and resource distribution, cryptocurrencies have gain significant importance. This has
led to large scale investments in cryptocurrencies such as Bitcoin, Etherium etc.. However, crypto prices are
extremely random, fluctuating and volatile in nature which makes investments risk prone. Moreover, previous
crypto data often exhibits random fluctuations, volatility and deviation from a particular trend, which is often
termed as noise [2]. This noisy behavior makes pattern recognition difficult leading to inaccuracies in forecasting
results. Hence, it is necessary to filter out the baseline noise from the time series crypto data prior to applying the
data to any machine learning or deep learning model for pattern recognition [3]. While crypto trend analysis is a
time series regression problem, what makes it extremely complicated is the dependence on several non-numeric
parameters such as socio economic conditions, political conditions of a country, political stability, financial crisis
and trade wars, global slowdown and public sentiments pertaining to a company etc. This leads to variabilities in
the stock trends often exhibiting non-coherent patterns with respect to historical data [4]. Figure 1.1 depicts the
common crypto currencies.

T X

Bitcoin Litecoin Ripple Ethereum  Dogecoin  Coinye

Fig.1 Common Crypto Currencies
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Global events, such as natural disasters, geopolitical tensions, or pandemics, can also impact crypto trends. These
events can create uncertainty in the markets and cause investors to become more risk-averse and hence it is
essential to note that data trends are inherently variable and can be influenced by a wide range of factors It's also
worth mentioning that past performance does not guarantee future results, so investors should exercise caution
when making investment decisions based on historical trends. Cryptocurrency prediction is basically a time series
prediction problem. Mathematically [5]:

P = f(tv) 0y

Here,

P represents crypto price

f represents a function of

t is the time variable

v are other influencing global variables

The dependence of crypto prices over time makes it somewhat predictable under similar other conditions of global
influencing variables. However, even the slightest of changes can derail the prediction completely. Hence crypto
market prediction extremely challenging due to the dependence of crypto prices on several financial, socio-
economic and political parameters etc. Moreover, small inaccuracies in crypto price predictions may result in huge
losses to firms which use crypto price prediction results for financial analysis and investments. Hence it has
remained a serous research problem for researchers since [6]:

1) Inaccuracies in crypto market prediction can lead to large financial losses for individuals and firms aiming
to leverage crypto market data.

2) It is a complex time series problem

3) It is difficult to find trends in such diverse parameters which affect crypto prices.

Crypto price movement is often very random and dynamic in nature; the prices are varying in fraction of seconds.
Additionally each time the changes in prices are unpredictable. These changes can be positive or can be negative
according to the market outlooks.

II. Factors Affecting Crypto Price

A crypto price may depend on several factors operating in the current world and crypto market. We will try to take
into account a combination of mainly two factors [7]:

. The impact of global influencing factors.
. The past performances and records of the target company.

Therefore in this proposed study the prediction of crypto price influencing feature is the key aim and objective.
Additionally it is also required to utilize these features during the time prediction to improve the prediction
accuracy of the systems. Therefore the proposed work involves the study of machine learning and data mining
techniques (supervised and unsupervised) by which the prediction is feasible. In addition of that need to implement
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the additional methodology that accurately analyze the crypto market influencing features and involve these factors
to reduce the error in prediction data (i.e. error minimization techniques or optimization techniques [8]

Finally after implementation of the proposed technique, it is required that the error rate has to be squeeze out to
justify the proposed work. Therefore the proposed work involves the comparative study of the proposed technique
with the similar available techniques. In addition of a case study with a company crypto prices also involved with
the proposed study work. This section provides the basic overview of the proposed crypto price prediction study
the next section provides the core aim and objectives of the proposed work. Statistical techniques do not render
high accuracy of prediction and hence are ineffective in prediction problems which need low errors in prediction.
The emergence of machine learning (ML) has offered promising tools for understanding and predicting complex
patterns in these markets. By analyzing vast datasets including historical prices, trading volumes, social media
sentiment, and macroeconomic indicators, ML models can generate predictive insights. However, despite their
potential, applying ML to crypto price prediction is fraught with numerous technical and conceptual challenges that
limit model accuracy and reliability [9]

One of the primary challenges in crypto price prediction using ML is the market's inherent volatility. Prices of
cryptocurrencies can fluctuate dramatically within minutes due to speculative trading, regulatory news, or even
social media rumors. This high degree of unpredictability introduces substantial noise in the data, making it
difficult for ML models to distinguish between meaningful patterns and random fluctuations. For cryptocurrency,
relevant data may include price history, trading volume, blockchain metrics (on-chain data), and sentiment analysis
from social platforms. However, collecting and preprocessing this data poses several challenges. Data sources may
be inconsistent, unstructured, or contain missing values. These models often function as black boxes, making it
difficult to understand the rationale behind a prediction. For financial forecasting, where explainability is crucial
for risk assessment and decision-making, the lack of transparency can hinder user trust and model adoption.
Moreover, identifying the right features that influence price movements is a non-trivial task. Poorly chosen features
or irrelevant indicators can degrade model performance, while important but hidden variables may be ignored [10].

I11. Related Work
This section presents the existing work in the domain:

Han et al. [11] proposed the multimodal fusion Bitcoin (MFB), an innovative generalized multimodal fusion
approach that effectively integrates BiLSTM and BiGRU layers for complex feature extraction. The model
employs the BorutaShap algorithm for feature selection and utilizes attention mechanisms and spatial dropout for
optimization and generalization. MFB’s training and validation use news and tweet data combined with Bitcoin
technical indicators to explore the impact of time-lagged sentiment on price movements, leading to more accurate
and timely market predictions. The MFB performs superior Bitcoin prediction performance, MAPE of 2.66%.

Patel et al. [12] proposed bidirectional LSTM with preprocessed data. We have performed data cleansing and
sentiment analysis as part of the data pretreatment step. Recent 90-days data have been selected for the prediction
which is then fed to a bidirectional LSTM model. It is a specialized version of recurrent neural network (RNN)
architecture that is often used in sequence-to-sequence tasks, including time series prediction. It can be applied to
Bitcoin price prediction by leveraging its ability to capture dependencies in both past and future data. MAPE of
2.7% obtained.
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Rafi et al. [13] proposed a price forecasting model based on three vital characteristics (i) a feature selection and
weighting approach based on Mean Decrease Impurity(MDI) features. (ii) Bi-directional LSTM and (iii) with a
trend preserving model bias correction (CUSUM control charts for monitoring the model performance over time)
to forecast Bitcoin and Ethereum values for long and short term spans. On a new test-set collected from January
01, 2020 to January 01, 2022 for the two cryptocurrencies we obtained an average RSME of 9.17, with model bias
correction, Comparing with the prevalent forecasting models we report a new state of the art in cryptocurrency
forecasting.

Kim et al. [14] proposed a novel framework that predicts the price of Bitcoin (BTC), a dominant cryptocurrency.
For stable prediction performance in unseen price range, the change point detection technique is employed. In
particular, it is used to segment time-series data so that normalization can be separately conducted based on
segmentation. Furthermore, this work proposes self-attention-based multiple long short-term memory (SAM-
LSTM), which consists of multiple LSTM modules for on-chain variable groups and the attention mechanism, for
the prediction model. Experiments with real-world BTC price data and various method setups have proven the
proposed framework’s effectiveness in BTC price prediction. The results are promising, with the highest MAE,
RMSE, MSE, and MAPE values of 0.3462, 0.5035, 0.2536, and 1.3251, respectively.

Shahbazi et al. [15] showed that during recent developments, cryptocurrency has become a famous key factor in
financial and business opportunities. However, the cryptocurrency investment is not visible regarding the market’s
inconsistent aspect and volatility of high prices. Due to the real-time prediction of prices, the previous approaches
in price prediction doesn’t contain enough information and solution for forecasting the price changes. Based on the
mentioned problems in cryptocurrency price prediction, authors proposed a machine learning-based approach to
price prediction for a financial institution. The main focus of this system is on Litecoin and Monero
cryptocurrencies. The results show the presented system accurate the performance of price prediction higher than
another state-of-art algorithm.

Mudassir et al. [16] proposed a high-performance machine learning-based classification and regression models
for predicting Bitcoin price movements and prices in short and medium terms. In previous works, machine
learning-based classification has been studied for an only one-day time frame, while this work goes beyond that by
using machine learning-based models for one, seven, thirty and ninety days. For daily price forecast, the error
percentage is as low as 1.44%, while it varies from 2.88 to 4.10% for horizons of seven to ninety days. These
results indicate that the presented models outperform the existing models in the literature.
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A summary of existing literature in the domain with the salient points are presented.

Table 1. Summary of Literature Review

S.No. | Paper Title Authors Publication | Findings

1 MFB: A Generalized | Han et al. | Elsevier Multimodal Fusion Approach
Multimodal Fusion | [11] 2025 combining layers of Bi-LSTM and
Approach for Bitcoin GRU. It also included stochastic
Price Prediction Using sentiment features. Best case MAPE
Time-Lagged Sentiment of 2.66 obtained.
and Indicator Features

2 A deep learning | Patel et al. | Springer Recurrent Neural Nets (LSTM and B-
framework for hourly | [12] 2024, LSTM) models trained on historical
bitcoin price prediction bitcoin prices as well as Twitter
using bi-LSTM  and Opinion Data. Base case MAPE of
sentiment analysis of 2.7% obtained.

Twitter data

3 Enhancing Rafietal. | IEEE 2023 LSTM with model bias correction
Cryptocurrency  Price | [13] method for forecasting Bitcoin Prices.
Forecasting Accuracy: A The Mean Absolute Percentage Error
Feature Selection and (MAPE) of 0.66 was achieved.
Weighting Approach
With Bi-Directional
LSTM and  Trend-

Preserving Model Bias
Correction

4 A Deep Learning-Based | Kim et al. | IEEE 2022 Self-Attention based Multiple LSTM
Cryptocurrency Price | [14] (SAM-LSTM) model used to forecast
Prediction Model That Bitcoin Prices. MAPE of 1.3251%
Uses On-Chain Data obtained.

5 Improving the | Shahbazi IEEE 2021 Forecasting crypto prices based on
Cryptocurrency  Price | et al. historical data and reinforcement
Prediction Performance | [15] learning (Q-Learning). Best case
Based on Reinforcement MAPE of 3.16% and 5.95% for a 3-
Learning day and 7-day forecast window

6. Time-series forecasting | Mudassir | Springer Random Forecast and Principal
of Bitcoin prices using | et al. 2020 Component Analysis (PCA) for
high-dimensional [16] forecasting crypto prices. Best case
features: a  machine MAPE of 1.44% for daily forecast.
learning approach
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IV. Baseline Models

The noteworthy contributions in the field of the proposed work can be summarized as:

1) Neural Networks: One of the most commonly adopted methodologies in the domain of crypto market
forecasting is the use of neural networks which mimic the learning of the human brain. The most common neural
network categories used off late have been:

a) Long Short Term Memory (LSTM) neural networks: These neural networks are capable to weight how much
weightage is to be given to the recent data and the data of the far past. It is often shown to work effectively for time
series prediction [17]-[18].

2) Incorporating sentiment analysis from platforms like Twitter, Reddit, and news articles adds another layer
of complexity. Natural language processing (NLP) techniques must handle slang, sarcasm, multilingual posts, and
noisy textual data [19]. Additionally, real-time processing of sentiment data with high temporal relevance is
computationally demanding. Despite advancements in transformer-based models (e.g., BERT), accurately
quantifying sentiment and linking it to price action remains a challenging task [20]
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Fig.2 The Structure of the LSTM Neural Network
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3) Back Propagation: This neural network structure has a feedback path for errors in prediction. It is often
effective in time series prediction problems since the estimation of future samples is based on both previous data as
well as the errors in the previously prediction samples [21].
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Fig.3 The Structure of the BP Neural Network
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4) Regression Models: A variety of regression models have been used for time series prediction among which

the most common ones are [22]:

a) Linear

b) Non-Linear

c) Polynomial

d) SVR (Support Vector Regression)

In this approach, the relationship between the independent and dependent variable is found using different
mathematical or statistical models depending on the nature of the approach used [23]-[24]. The most common type
of regression model can be thought of as the linear regression model which is mathematically expressed as [25]:

y =01+ 0,x 2)

Here,

x represenst the state vector of inut variables

y rperesenst the state vector of output variable or variables.

O1 and O2 are the co-efficents which try to fit the regression learning models output vector to the input vector.

The aim of the approach is to attain the best fit regression line which is equivalent to saying that the co-efficient
values 01 and 62 , should be adjusted such that to minimize the error between predicted y value (pred) and true y
value (y). The cost function J is mathematically defined as [26]:

J =Y (pred; — y;)? 3)
Here,

n is the number of samples

y is the target

pred is the actual output.

While machine learning models offer promising results in cryptocurrency price forecasting, several challenges
remain [27].

1. The unpredictable nature of the crypto market, including sudden crashes and pumps, limits the accuracy of
even the most advanced models [28].

2. Cryptocurrency markets are highly non-linear, meaning price movements often don’t follow a simple,
predictable pattern. Traditional regression models like linear regression assume a linear relationship between
variables, which may not hold true in the complex and volatile crypto market. As a result, these models struggle to
capture the non-linear dependencies between features like historical prices, market trends, or trading volume,
leading to poor prediction accuracy [29].

3. Overfitting, where models become too tailored to historical data and fail to generalize to new data, is
another significant issue.

4, Cryptocurrency data is often sparse and noisy, which presents a significant challenge for regression
models. Noisy data can mislead regression models, causing inaccurate predictions [30].

5. Often sentiment analysis based exogenous inputs may be heavily biased, rigged or even the sources may be
fake resulting in falsified training [31].
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Conclusion:

It can be concluded that crypto price prediction is a category of time series prediction which extremely challenging
due to the dependence of crypto prices on several financial, socio-economic and political parameters etc.
Moreover, small inaccuracies in crypto price predictions may result in huge losses to firms which use crypto price
prediction results for financial analysis and investments. Off late, soft computing techniques are being used widely
for crypto market prediction due to relatively higher accuracy compared to conventional statistical techniques. This
paper presents a comprehensive review on existing work in the domain of crypto price forecasting. Moreover, the
existing challenges and research gaps have also been mentioned to aid future directions of research.
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