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Abstract
The relationship between investor sentiment and cryptocurrency market volatility 
remains an area of growing interest in empirical finance. In this study, we present an 
innovative forecasting approach by utilizing a unique dataset of AI-generated senti-
ment from a comprehensive database of crypto market news. In a horserace fashion, 
we first evaluate the Heterogeneous Autoregressive (HAR) model and then com-
pare its forecasting performance to five advanced machine learning (ML) methods. 
ML performs reasonably well and improves the accuracy of the benchmark HAR 
model. Interestingly, including sentiment does not improve the forecasting accuracy 
of the HAR model. However, our findings highlight that investor sentiment seems to 
influence crypto market volatility in a nonlinear fashion that can (only) be captured 
by ML methods. In other words, LightGBM, XGBoost, and LSTM models show 
enhanced predictive accuracy when sentiment data is incorporated, improving no-
sentiment forecasts in 54.17% of the cases studied. Overall, our results emphasize 
the significant potential of integrating machine learning and sentiment analysis as a 
promising avenue for improved forecasting, offering potential benefits for risk man-
agement strategies and provide valuable insights for researchers and practitioners.
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1  Introduction

Cryptocurrencies have received immense interest from investors and policymak-
ers due to their decentralized and traceable features (Fry and Cheah (2016)), 
while at the same time their distinctly volatile nature has prompted researchers 
to focus on predicting price movements by applying various techniques Köchling 
et  al. (2020); Ftiti et  al. (2021); Catania and Grassi (2022a); Xia et  al. (2023). 
The majority of related works have utilized different econometric models to cap-
ture the intricate dynamics of cryptocurrency prices, such as the GARCH (Katsi-
ampa (2017)) and HAR Qiu et al. (2021) models. Only some studies though have 
explored more advanced methods, such as machine learning (ML) Akyildirim 
et al. (2021) and deep learning (DL) Liu et al. (2021).

The growing body of research has also attempted to model the sharp move-
ments in cryptocurrency prices by using various explanatory variables such as 
macro events, technical indicators, and social media indicators Wang et al. (xxxx); 
Hoang and Baur (2020); Kyriazis et al. (2022); Moser and Brauneis (2023). For 
example, Rognone et al. (2020) found that the movements in cryptocurrencies are 
mainly driven by investor enthusiasm, regardless of the market news direction.

In this context of crypto volatility forecasting, a comprehensive review of 
related studies (see Table  1 for details) focusing on traditional methods like 
GARCH and HAR, more advanced methods from the realm of machine learning 
and deep learning, as well as sentiment analysis reveals that as of yet no paper 
has addressed a comparative study of all these elements. In other words, there 
is respective and separate evidence for the suitability of e.g. particular GARCH 
specifications, machine learning approaches and the predictive power of senti-
ment. However, to the best of our knowledge, no study has yet combined both tra-
ditional and AI methods with sentiment data. We aim at filling this research gap 
by providing evidence on forecasting accuracy using the traditional HAR model, 
a variety of machine learning tools as well as crypto market sentiment.

Furthermore, and in particular, there is still a limited understanding of how 
sentiment analysis of economic and financial news relates to cryptocurrencies. 
While investor sentiment derived from media coverage as well as search volume 
is an established predictor for traditional financial assets such as equities (Tetlock 
(2007), Da et  al. (2014)) for almost two decades, it entered research papers on 
cryptocurrencies only sporadically. Although significant strides have been made 
in the realm of cryptocurrency forecasting in the recent years, challenges per-
sist, particularly with regard to the lack of a methodological basis in sentiment 
analysis for these digital assets. Therefore, more research is needed to develop 
accurate and robust forecasting models that can capture the unique characteristics 
of cryptocurrencies.

The use of sentiment analysis to predict future movements in cryptocurrency 
prices, particularly for leading assets such as bitcoin and ethereum, is an essential 
area of study in today’s financial landscape. Therefore, in this paper, we inves-
tigate the impact of news sentiment on cryptocurrency volatility by applying 
five well-established machine learning models, namely, Multi-layer Perceptron 
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(MLP), Long-Short Term Memory (LSTM), Extreme Gradient Boost Decision 
(XGBoost), Light Gradient Boosted Machine (LightGBM), and the hybrid CNN-
bidirectional LSTM (CNNBiLSTM) in addition to the standard HAR model. We 
address the question whether news sentiment carries informational content and 
can be utilized to improve the accuracy of volatility forecasts in intraday data. 
In a nutshell, we specifically tackle two questions within a horserace-like frame-
work. Firstly, do machine learning techniques provide more accurate forecasts of 
crypto volatility than the established HAR model? Secondly, does the inclusion 
of market sentiment as an explanatory variable enhance the accuracy of forecasts 
of either model?

Our results show that the machine learning models outperform traditional vola-
tility forecasting methods (i.e.,the HAR model), indicating the efficacy of machine 
learning in predicting cryptocurrency market movements. In particular, we find that 
deep learning and LightGBM classifiers are well-suited for this forecasting prob-
lem. Furthermore, sentiment seems to be a predictor of cryptocurrency volatility in 
the sense of more accurate forecasts, respective results are ambiguous however. For 
three out of six candidate models, the inclusion of sentiment substantially improves 
forecasting accuracy, while for the other models forecasts deteriorate.

Our research makes a novel contribution to the literature by comparing the pre-
dictive capability of various machine learning models, such as gradient boosting 
models, artificial neural networks, and deep learning, along with different feature 
sets, including market sentiment. Our study establishes a comprehensive benchmark 
for the accuracy of short-term cryptocurrency volatility forecasting models.

The remainder of the paper is organized as follows. In section 3 we describe the 
data used in the empirical analyses, section 4 outlines the methodology. The results 
are presented in section 5, and section 6 concludes.

2 � Literature review

The importance of sentiment analysis in financial markets, particularly within the 
dynamic and volatile domain of cryptocurrencies, has gained prominence in the 
recent years. Early studies in sentiment analysis, such as those by Gilbert and Kara-
halios (2010), focused on general market sentiment derived from social media plat-
forms and its correlation with stock market indices. In a similar vein, Bollen et al. 
(2011) demonstrated capabilities of social media sentiment, notably on stock mar-
ket movements, through the analysis of data from X (formerly known as Twitter). 
This emerging field has been further expanded in the context of cryptocurrencies, 
a relatively new asset class known for its volatility and sensitivity to market senti-
ment. A growing body of literature have investigated how sentiment affects cryp-
tocurrency valuations using different proxies. These methods range from analysing 
Google search trends (Panagiotidis et  al. (2019)) and search data from Wikipedia 
(Kristoufek (2013)) to assessing sentiment in news articles (Corbet et  al. (2020)), 
opinions expressed on X (Shen et  al. (2019)), and discussions in cryptocurrency 
blogs (Karalevicius et al. (2018)). However, the extension of these findings in the 
cryptocurrency market show that it present significant challenges due to the unique 
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market dynamics and the intricate nature of digital assets, as highlighted by stud-
ies like Guégan and Renault (2021) which has been exploring the impact of inves-
tor sentiment on cryptocurrency prices. Despite these efforts, more comprehensive 
analytical scope is required to fully comprehend the complexities of cryptocurrency 
sentiment dynamics, highlighting a distinct gap in the existing literature (Peng et al. 
(2023)).

Advancements in machine learning (ML) models have opened new possibilities 
for financial market analysis, with their application in cryptocurrencies being a more 
recent phenomenon. Specifically, the application of sophisticated ML algorithms, 
ranging from established methods like Random Forests to more advanced tech-
niques like Neural Networks, has demonstrated improved prediction accuracy over 
conventional econometric models. The initial applications, exemplified by McNally 
et  al. (2018), showed the potential of simple machine learning models in predict-
ing cryptocurrency prices but often overlooked the crucial interplay between market 
sentiment and price volatility. The more advanced LSTM networks, as explored by 
Alessandretti et  al. (2018), marked a significant step towards incorporating com-
plex market data. Similarly, Mallqui and Fernandes (2019) further demonstrated the 
effectiveness of ML models in predicting cryptocurrency prices, yet their approach 
lacked thoroughness in data selection and feature engineering. However, the integra-
tion of sentiment analysis with these advanced machine learning models, especially 
utilizing comprehensive sentiment data for enhancing prediction accuracy, remains 
relatively untapped.

In the area of cryptocurrency sentiment analysis with machine learning, a piv-
otal study conducted by Bukovina and Marticek (2016) stands as a key study. They 
examined the influence of investor sentiment on Bitcoin volatility, utilizing the 
autoregressive AR(1) model and the Sentdex sentiment index, which applies Natural 
Language Processing (NLP) techniques for sentiment extraction from textual data. 
NLP, particularly in a sentiment analysis, is a widely used approach for interpreting 
opinions from various sources such as customer reviews, surveys, and social media 
comments. The findings of their study revealed that while sentiment only explained 
a minor portion of total volatility, its impact was more pronounced during periods 
of high volatility. Extending this approach, Abraham et al. (2018) demonstrated the 
effectiveness of this combination in forecasting cryptocurrency prices. Their work 
highlights the incremental benefits of incorporating sentiment data into machine 
learning models, suggesting a more sophisticated understanding of market dynam-
ics than what is achievable by either approach alone. Figá-Talamanca and Patacca 
(2019) also explored the impact of investor sentiment on cryptocurrency returns, 
using ARMA, GARCH, and EGARCH models. They employed trading volume 
and Google search index as proxies for investor sentiment. Their results indicated 
that trading volume affected both the mean and volatility of cryptocurrency returns, 
while the search index primarily influenced volatility.

In more recent studies, such as those by Naeem et  al. (2021), and Bouri et  al. 
(2021), the focus has expanded to encompass a broader range of cryptocurrencies 
and more diverse sentiment measures. Naeem et al. (2021) used the FEARS index 
and Twitter happiness sentiment to analyze the impact on returns of six major cryp-
tocurrencies. They found that while the happiness sentiment index significantly 
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predicted returns, the FEARS index showed weaker and short-term predictabil-
ity. Bouri et  al. (2021) took a different approach, examining volatility spillover 
across fifteen major cryptocurrencies by considering the impact of investor senti-
ment derived from Twitter feeds. Their findings indicated that extreme unhappiness 
among investors led to increased market volatility and interconnectedness, whereas 
extreme happiness correlated with lower total connectedness, suggesting potential 
diversification opportunities between cryptocurrencies. Another dimension was 
added by Plakandaras et al. (2021), who investigated the potential role of the US-
China Trade War as a sentiment variable. Using machine learning techniques and 
regression models, they assessed the trade war’s impact on Bitcoin returns, finding 
weak evidence to suggest that trade-related uncertainties significantly influenced 
Bitcoin’s future returns.

These studies collectively underscore the importance of investor sentiment in 
understanding the return and volatility dynamics of cryptocurrency market. The 
full potential of advanced techniques such as ensemble methods and deep learning 
architectures, in conjunction with nuanced sentiment analysis, remains largely unex-
plored. This integration is crucial for addressing the non-linearities and complexities 
inherent in cryptocurrency markets, which have been frequently oversimplified in 
existing models. By integrating advanced sentiment data with sophisticated machine 
learning models against the traditional Heterogeneous Autoregressive (HAR) model, 
our research aims to bridge this methodological gap in the existing literature. We 
offer a novel perspective on the impact of investor sentiment on volatility of dif-
ferent cryptocurrencies, adding a critical layer to our understanding of cryptocur-
rency market dynamics. This approach is particularly relevant in the current context, 
where traditional models may not fully capture the nuances of market behaviour of 
less pronounced cryptocurrencies. Our study not only contributes to the theoreti-
cal framework around cryptocurrency market analysis but also provides practical 
insights for investors and market analysts. This research, therefore, stands as a sig-
nificant addition to the existing body of literature, offering a comprehensive and 
timely analysis of cryptocurrency market dynamics in the face of global challenges.

3 � Data

The dataset in this study includes 8 major cryptocurrencies traded against the USD 
on the leading crypto trading venue Coinbase. These coins are bitcoin, ethereum, 
polkadot, shiba inu, solana, cardano, doge coin and litecoin. The time period under 
consideration spans from December 21, 2021 00:00 UTC to December 22, 2022 
06:00 UTC. During this period, the coins in our sample accounted for almost 70% of 
the total cryptocurrency market capitalization. We retrieve price data for each coin 
from the Coinbase API on a 5-minute resolution, which is then used to calculate 
realized volatilities. Motivated by the findings of Liu et al. (2015), we opt for this 
volatility measure as the focal variable in this analysis.

Furthermore, we collect crypto market news data from headlinehunter.ai, a 
commercial platform that acquires online content from a vast number of websites 
including traditional news such as tipranks.com, bloomberg.com and forbes.com, 
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crypto-specific news from e.g. cointelegraph.com and decrypt.co as well as social 
media such as X (twitter) and reddit. Non-english sources are being translated, sub-
sequently, headlinhunter.ai applies a generative artificial intelligence based computer 
linguistic model to the text which generates a sentiment score from +1 to -1 (posi-
tive/neutral/negative, as well as: no sentiment) for every single text. Additionally, all 
online contents are classified, i.e., assigned to different news channels. These are: 
coin specific news (i.e., explicitly referring to bitcoin, ethereum,...), general crypto 
news, news related to crypto mining, news on regulation and legislation issues with 
cryptocurrencies, content created by ’influencers’ (e.g., popular and verified twitter 
accounts), as well as news related to Covid 19 which may also be a driver of crypto 
volatility given the time period of the dataset. For each news channel, we finally 
retrieve a time series of sentiment data on a 6-hours resolution. This includes (1) 
the total number of retrieved online contents attributed to a channel, (2) the average 
sentiment of these news and (3) the density of news, defined as the number of non 
no-sentiment news divided by the total number of news. Hence, we may capture the 
extent of news coming to the market, the general sentiment, as well as the resilience 
of the sentiment proxied by the fraction in (3). While headlinehunter.ai certainly 
does not capture crypto market online content in its entirety, we argue that it pro-
vides a representative sample of news.

This analysis uses 6-hours intervals of data with a total of 1,461 observations for 
each time series for two reasons. First, while some news channels (e.g., crypto news) 
show hundreds of news within a 6-hours interval on average, other more specific 
channels (e.g., crypto mining) occasionally feature only a low two digit number of 
news within 6 h. Therefore, shortening the time interval to say one hour would result 
in an insignificant amount of news for some channels. Second, extending the time 
interval to say one day would result in insufficient observations for the data-inten-
sive ML models, given the sample period of one year only.

4 � Methodology

The main goal is to one-step ahead forecast realized volatility (RV) of cryptocurren-
cies. RV are calculated for 6-hours intervals t according to:

where Pti denotes the close price of the 5-minute subinterval i in the 6-hours period 
t. Table 2 reports descriptive statistics of RV for each of the 8 coins in the sample 
respectively.

(1)RVt =

72
∑

i=2

log

(

Pti

Pti−1

)2
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4.1 � Forecasting models

The heterogeneous autoregressive (HAR) model has proven to work well for crypto-
currencies (cf. Qiu et al. (2021)). This model proposed by Corsi (2009) uses lagged 
RV as well as past weekly and monthly averages as predictors for RV and is defined 
as follows:

where RV (8)
t  ( RV (28)

t  ) denotes the average realized volatility for 8 (28) periods prior to 
and including t, corresponding to 2 and 7 days respectively with our data frequency. 
We deviate from the HAR convention of averaging over 5 and 21 prior (daily) obser-
vations (a trading week / month in traditional markets) for two reasons. First, crypto 
markets operate 24/7/365, therefore a averaging over 7 (30) periods seems more 
appropriate. Second, the volatility of cryptocurrencies features intradaily patterns 
(e.g., see Brauneis et al. (2024)), we thus choose to average over a multiple of four 
6-hours periods, corresponding to one full day. Finally, � is the error term and X is 
the set of explanatory sentiment variables including the total number of news, their 
average sentiment as well as the density.

In our pursuit of determining the most accurate forecasting model, we address the 
question of whether using complex machine learning methods consistently outper-
form simpler techniques such as the HAR model. We consider five distinct machine 
learning algorithms: LightGBM, XGBoost, LSTM, MLP, and CNNBiLSTM models 
against the benchmark model of HAR due to their demonstrated efficacy in address-
ing the challenges posed by the rapid changes and uncertainties inherent to cryp-
tocurrency markets, as highlighted by McNally et al. (2018) and Akyildirim et al. 
(2021). We specifically select the gradient boosting frameworks of LightGBM and 
XGBoost for their ability to capture complex patterns and insights from sentiment 

(2)RVt = c + 𝛽1 ⋅ RVt−1 + 𝛽2RV
(8)

t−1
+ 𝛽3RV

(28)

t−1
+ 𝛾 ⋅ Xt−1 + 𝜖t

Table 2   Descriptive statistics for 6-hour realized volatilities for the eight cryptocurrencies in the sam-
ple (bitcoin-BTC, ethereum-ETH, cardano-ADA, doge coin-DOGE, polkadot-DOT, litecoin-LTC, shiba 
inu-SHIB, solana-SOL). The table reports mean, median, the 25% and 75% quantile (q25, q75), standard 
deviation (Std. Dev.), all values in percent, as well as skewness and kurtosis of realized volatilities. The 
last two rows report p-values of the Jarque-Bera (JB) and the augmented Dickey-Fuller (ADF) test trun-
cated at 0.001, rejecting the normality and unit-root null

Statistic BTC ETH ADA DOGE DOT LTC SHIB SOL

Mean 1.49 1.99 2.29 2.51 2.37 2.17 3.41 2.83
Median 1.29 1.73 1.95 2.00 2.10 1.91 3.14 2.40
q25 0.93 1.25 1.49 1.47 1.59 1.44 2.41 1.79
q75 1.76 2.35 2.69 2.89 2.79 2.52 4.01 3.26
Std. Dev 0.92 1.18 1.34 1.76 1.38 1.19 1.70 2.00
Skewness 2.33 2.42 2.71 3.35 3.66 2.92 2.49 4.78
Kurtosis 11.04 12.02 15.68 21.54 32.93 17.67 15.52 40.75
JB 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
ADF 0.001 0.001 0.001 0.001 0.001 0.001 0.001 0.001
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data (Krauss et al. (2017)). Moreover, prior research has also demonstrated the supe-
riority of ANNs (Sermpinis et al. (2021)) and LSTM models (Chen et al. (2021)) 
over traditional prediction methods. Therefore, by leveraging the strengths of these 
established models, our aim is to effectively capture the expressive power of senti-
ment dynamics and enhance the accuracy of volatility prediction in cryptocurrency 
market. The fitting and evaluation framework for XGBoost and LightGBM models 
differs from ANN and Deep Learning.

Chen and Guestrin (2016) introduced XGBoost as a method to address both clas-
sification and regression tasks by optimizing the objective function through the 
incorporation of regularization terms and increasing the prediction accuracy using 
the second-order Taylor expansion (Wei et al. (2023)). On the other hand, Ke et al. 
(2017) developed LightGBM to address computational inefficiencies in large data-
sets without significant compromise on accuracy. When compared to XGBoost, 
LightGBM exhibits two primary advantages regarding time efficiency which are the 
selection of the optimal splitting node and its distinct tree growth approach.

Initially, we employ a structured approach involving training, validation, and 
test datasets. A 5-fold cross-validation approach is then utilized to fit each model 
on corresponding validation sets with fixed hyperparameter values. This process 
is repeated under five iterations, and the average performance metrics are used to 
assess the models’ predictive capabilities. Hyperparameters are optimized using a 
similar cross-validation process, and the final chosen values are used to evaluate 
the models on the holdout test dataset. It is important to note that the test data is 
excluded from the training phase and can be considered as a novel future data for the 
trained models. In contrast, the training and testing procedures for MLP, LSTM and 
CNN-BiLSTM are calculated based on the Bayesian Optimization technique of Wu 
et  al. (2019) and the optimized hyperparameters are implemented for each model 
using TensorFlow 2.0. For further details see Cho et  al. (2020) and Sahiner et  al. 
(2023).

With this set of models, we generate one-step ahead forecasts of realized volatil-
ity, respectively. 80% of the total number of observations, i.e. 1,169 out of 1,461 are 
used to train the machine learning models. Specifically, ML models are trained on 
RVt−1 , RV

(8)

t−1
 , RV (28)

t−1
 , and Xt−1 and the known outcome RVt . At the same time, we 

estimate coefficients of the HAR model in Eq. 2 based on 1,169 data points. Sub-
sequently, one-step ahead forecasts are derived from HAR and ML models respec-
tively. We repeat this process by employing a moving window of input data until 
the end of the dataset, resulting in a total of 292 forecasts of RV. Figure 1 presents a 
flowchart of the empirical approach.

4.2 � ML algorithms

In this section we briefly outline the machine learning algorithms employed in the 
empirical analyses. The objective of this is to highlight the different conceptual 
approaches of the ML tools, which possibly entail diverging outcomes in terms of 
their ability to forecast cryptocurrency realized volatility.

LightGBM Model



389Crypto Volatility Forecasting: Mounting a HAR, Sentiment,…

LightGBM is a relatively new algorithm within the Gradient Boosting Decision 
Tree (GBDT) family, introduced by Ke et al. (2017). It has gained popularity due 
to its ability to handle large-scale data efficiently, making it particularly well-suited 
for tasks such as classification, regression, and prediction. Similar to XGBoost, 
LightGBM builds an ensemble of decision trees, but it introduces two key innova-
tions: Gradient-Based One-Side Sampling (GOSS) and Exclusive Feature Bundling 
(EFB), which are crucial for optimizing model performance when dealing with 
high-dimensional datasets, such as cryptocurrency data.

The LightGBM model aims to approximate the function f ∗(x) that minimizes the 
expected loss over the training set X = {(xi, y1)}

n
i=1

:

To achieve this, LightGBM integrates T regression trees in the form of:

(3)f = argminEX,y[L(y, f (x))]

Fig. 1   Methodology flowchart. This figure outlines the structure of the empirical analysis, based on 
price data from Coinbase and sentiment data. All competing models are trained / calibrated with a total 
of 1,169 observations from each explanatory variable (Train Set). Then, we derive a total of 292 one-
step ahead forecasts (Test Set) using a rolling window of input data. Generally, the tth forecast relies on 
observations {t, t + 1, ..., t + 1168} from each time series. Finally, we use three loss functions to assess 
the accuracy of the predictions
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Each regression tree can be represented as wq(x) , where q ∈ {1, 2, ..., J} represents the 
decision rules of the tree and w is a vector that corresponds to the sample weights 
of the leaf nodes. LightGBM uses an additive learning strategy, where the model is 
updated iteratively, minimizing the loss function at each step:

In LightGBM, the objective function is quickly approximated using Newton’s 
method. Simplifying the expression and removing constant terms results in the fol-
lowing form:

where gi and hi represent the first- and second-order gradient statistics of the loss 
function, respectively. For a specific tree structure q(x), the optimal weights w∗

j
 of 

the leaf nodes and the associated value ΓK can be calculated as:

where, Ij represents the sample set for leaf j, and � is a regularization parameter. The 
scoring function T∗ , which evaluates the quality of the tree structure q, is derived as 
follows:

To improve the tree structure, LightGBM optimizes the split by maximizing the gain 
G, defined as:

where, IL and IR represent the sample sets for the left and right branches of the tree, 
respectively. Unlike traditional GBDT-based algorithms, which grow trees horizon-
tally, LightGBM builds trees vertically. This vertical growth strategy allows Light-
GBM to handle large-scale datasets and numerous features more efficiently.

XGBoost
XGBoost is one of the machine learning models designed to optimize both 

speed and performance by using decision tree ensembles. In XGBoost, each 

(4)fT (X) =

T
∑

t=1

ft(X)

(5)t =

n
∑

i=1

L(yi,Ft−1(xi) + ft(xi))

(6)
n
∑

i=1

(gift(xi) +
1

2
hif

2
t
(xi))

(7)w∗
j
=

∑

i∈Ij
gi

∑

i∈Ij
hi + �

(8)T∗ =
1

2

J
�

j=1

(
∑

i∈Ij
gi)

2

∑

i∈Ij
hi + �

(9)G =
1

2

�

(
∑

i∈IL
gi)

2

∑

i∈IL
hi + �

+
(
∑

i∈IR
gi)

2

∑

i∈IR
hi + �

−
(
∑

i∈I gi)
2

∑

i∈I hi + �

�



391Crypto Volatility Forecasting: Mounting a HAR, Sentiment,…

internal node of the decision tree represents a test of a feature, while the leaf 
nodes assign a score to the input data. The final prediction is obtained by sum-
ming the contributions of multiple decision trees, where the total output is the 
sum of the scores from K trees, expressed as:

where xt represents the input features at time t (such as price, trading volume, or sen-
timent data), fk is the score from the k-th regression tree, and K is the total number 
of trees used in the model. XGBoost operates similarly to other gradient boosting 
methods but introduces significant enhancements to the model’s objective function, 
particularly by adding a regularization term that helps control the complexity of the 
model and reduces the risk of overfitting.

The regularized objective function in XGBoost can be written as:

where l(yi, ŷi) is the loss function that measures the difference between the predicted 
volatility ŷi and observed volatility yi . The regularization term Ω(fk) penalizes the 
complexity of each tree and is defined as:

where T represents the number of leaf nodes in the tree, wj denotes the weight 
assigned to each leaf, and � and � are regularization parameters controlling the 
model’s complexity. By including this regularization, XGBoost is better equipped to 
prevent overfitting, a common concern in financial markets where models can easily 
capture noise instead of meaningful patterns.

Multi-Layer Perceptron (MLP)
A Multi-Layer Perceptron (MLP) is a type of feedforward neural network widely 

employed for tasks such as pattern recognition, prediction, and approximation. Within 
this network, the connections between neurons are determined by weights, which are 
iteratively adjusted during the learning process. Training of MLP utilizes the backprop-
agation algorithm, which operates in two stages: a forward pass and a backward pass. 
In the forward pass, input data is processed through the network with fixed weights 
to generate an output. In the backward pass, the error between the actual and pre-
dicted outputs is computed and propagated backward through the network to adjust the 
weights. This iterative adjustment aims to minimize the mean or total squared error.

The MLP model with a single hidden layer is mathematically represented as follows:

(10)y =

K
∑

k=1

fk(xt)

(11)L =

n
∑

i=1

l(yi, ŷi) +

K
∑

k=1

Ω(fk)

(12)Ω(f ) = �T +
1

2
�

T
∑

j=1

w2
j

(13)nk,t =wk,0 +

I
∑

i=1

wk,ixi,t
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The training process begins with input vectors xi,t , weight vectors wk,i , and bias 
terms wk,0 . These inputs are passed through the logistic sigmoid function which is 
defined by L(nk,t) as 1

1+e−nk ,t
 to form neurons Nk,t which in turn predict the output Yt.

LSTM and CNN-BiLSTM
LSTM (Long Short-Term Memory) is a popular deep learning architecture within 

Recurrent Neural Networks (RNN) designed for time series prediction tasks. It 
has proven effective in both classification and regression problems across various 
domains, such as stock market and cryptocurrency prediction (Chen et al. (2021); 
Lin et al. (2021)). Although traditional RNNs (Recurrent Neural Network) can pre-
serve information better than standard networks, they struggle to learn long-term 
dependencies due to the vanishing gradient problem (Hochreiter (1998)). LSTM 
addresses this issue by incorporating memory cells, which allow it to effectively 
manage long-term dependencies (Gers et al. (2000)).

The core component of the LSTM architecture is the cell state, which maintains 
information flow through the network with minimal changes, thereby preventing the 
vanishing gradient issue. The LSTM model utilizes a gate mechanism comprising 
three gates: the input gate, forget gate, and output gate. These gates selectively man-
age the flow of information through the network. The forget gate determines which 
information from the previous cell state should be discarded, while the input gate 
updates the cell state with new information. Finally, the output gate decides which 
information from the current cell state should be passed to the hidden state.

The mathematical formulation of LSTM is represented as follows:

In the equations, ft , it , ot , ct , and c̃t represent the forget gate, input gate, output gate, 
cell state and temporary state of the cell, respectively. The matrices Wf  , Wi , and Wo 
correspond to the weight coefficients associated with the forget, input, and output 

(14)Nk,t =L(nk,t) =
1

1 + e−nk ,t

(15)Yt =�0 +

K
∑

k=1

�kNk,t

(16)ft =�(Wf xt + Uf ht−1 + bf )

(17)c̃t =tanh(Wcxt + Ucht−1 + bf )

(18)it =�(Wixt + Uiht−1 + bi)

(19)ct =ft ⊙ ct−1 + it ⊙ c̃t

(20)ot =�(Woxt + Uoht−1 + bo)

(21)ht =ot ⊙ tanh(ct)



393Crypto Volatility Forecasting: Mounting a HAR, Sentiment,…

gates. Similarly, bf  , bi , and b0 are the bias terms corresponding to each of these gates. 
The variable U denotes the internal state of the neuron, while ht represents the out-
put from the hidden layer. The function � refers to the Sigmoid activation function, 
and the symbol ⊙ indicates the Hadamard product (element-wise multiplication).

CNN-BiLSTM, on the other hand, is a hybrid model that combines the capa-
bilities of Convolutional Neural Networks (CNN) with the bidirectional variant 
of LSTM (BiLSTM). While LSTM is primarily designed to capture long-term 
dependencies in sequential data, BiLSTM extends this by processing data in both 
forward and backward directions. This bidirectional approach allows the network 
to consider both past and future information, making it more effective for certain 
time series tasks.

CNNs are particularly used at extracting spatial features from data by applying 
multiple filters over the input. These filters capture essential patterns in the data 
through the convolutional and pooling layers. As the data passes through suc-
cessive CNN layers, increasingly abstract features are obtained, which can then 
be passed on to the BiLSTM for further temporal analysis. The CNN component 
extracts localized features, while the BiLSTM processes these features across 
time steps, capturing long-range dependencies in both directions.

In the CNN-BiLSTM model, the CNN layers first extract spatial features from 
the input data, which are then fed into the BiLSTM to capture temporal depend-
encies. The hidden states from both the forward and backward LSTM layers are 
combined to form a comprehensive feature representation:

The final hidden state is a concatenation of both directional outputs, given by 

Ht = [
→

ht,
←

ht] . This hybrid architecture allows the model to represent both spatial and 
temporal patterns in the data, making it particularly effective for financial time series 
forecasting, where both types of dependencies are critical for accurate predictions.

4.3 � Model Confidence Set (MCS) Test

While the various evaluation metrics can rank forecasts, they do not easily indi-
cate if the differences in values are statistically significant. To address this issue, 
we utilize the Model Confidence Set (MCS) method introduced by Hansen et al. 
(xxxx). The MCS method involves a sequence of statistical tests to identify a set 
of ’superior’ models. By sequentially excluding the least effective model based on 
the Equal Predictive Ability (EPA) criterion, the MCS method narrows down to 
the optimal model(s) within a specified confidence level.

(22)
→

ht =LSTM

(

→

ht−1, xt, ct−1

)

(23)
←

ht =LSTM

(

←

ht+1, xt, ct+1

)
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The MCS procedure begins with the initial set of candidate forecasting models, 
denoted as M0 = {1, 2,… ,m0} . To compare the performance of these models, the loss 
differential dij,t between models i and j at time t is calculated as:

where L represents the chosen loss function, �2
RV ,t

 denotes the realized volatility, and 
�2
i,t

 , �2
j,t

 are the forecasted volatilities by models i and j, respectively.
The null hypothesis H0 of Equal Predictive Ability (EPA) is formulated as:

where Ms ⊆ M represents the current set of models under consideration. At each 
stage, H0 is tested using a predetermined significance level � . If H0 is rejected, indi-
cating significant differences in predictive accuracy, the model contributing most to 
the test statistic is eliminated from Ms , and the procedure is repeated until no further 
models can be eliminated. If the null hypothesis is not rejected, the set of models 
M̂best is considered to be Ms . The resulting M̂best is referred to as the Model Con-
fidence Set (MCS). This set of best models is determined based on a user-defined 
criterion for the loss function. In our analysis, we utilize Mean Squared Error (MSE) 
as well as quasi-likelihood (QLIKE) as the criteria.

4.4 � Forecast Comparison Test (DM Test)

To validate our empirical results and comprehensively evaluate forecast quality, we uti-
lize the Diebold-Mariano (DM) test, proposed by Diebold and Mariano (2002). Tra-
ditional accuracy measures, such as Mean Absolute Percentage Error (MAPE) and 
Mean Squared Error (MSE), can lead to incorrect conclusions when comparing model 
performance if statistical significance tests are not conducted. To address this issue, 
Diebold and Mariano (2002) introduced a test to statistically validate the performance 
of a model against a benchmark. The DM test examines the null hypothesis of no dif-
ference in forecast accuracy between two competing models and can be applied using 
various error criteria, including straight differences, absolute differences, or squared 
differences.

Let the forecast errors for models A and B be represented by e(A)
i

= yi − ŷ
(A)

i
 and 

e
(B)

i
= yi − ŷ

(B)

i
 for i ∈ {1, 2,…N} . The loss function applied to the forecast errors is 

defined as L(e(A)
i
) = (e

(A)

i
)2 and similarly for L(e(A)

i
) . The Diebold-Mariano (DM) test 

statistic is computed using

where Ŝ2 is the estimated variance of the difference in losses. The expected differ-
ence in loss functions is denoted as �[d] = L(e

(A)

i
) − L(e

(B)

i
).

(24)dij,t = L(�2
RV ,t

, �2
i,t
) − L(�2

RV ,t
, �2

j,t
)

(25)H0 ∶ �[dij,t] = 0, for all i,j ∈ Ms

(26)DM =
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i=1N

�

L(e
(A)

i
) − L(e

(B)

i
)
�

∕N

�

Ŝ2∕N
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The hypotheses for the Diebold-Mariano test are:

•	 H0: The loss functions of the predictions are not statistically different (�[d] = 0)
•	 H1: Model A has better predictive performance than model B (�[d] > 0)
•	 H2: Model B has better predictive performance than model A (�[d] < 0)

5 � Results

5.1 � Baseline Results

We begin our analysis by examining the sentiment data as a predictor of subsequent 
realized volatility. To do this, we conduct a regression analysis using Eq. 2, utilizing 
the entire dataset for each cryptocurrency respectively. On average, variance infla-
tion factors of the regressors are less than 2, multicollinearity therefore is not an 
issue. The results of this analysis are presented in Table 3. The findings reveal that 
various aspects of sentiment data, including the number, scores, and density of gen-
eral crypto news, exhibit a significant association with subsequent realized volatility 
across nearly all coins in the sample. Furthermore, the number of news on corona 
and crypto regulation also demonstrates predictive power. Notably, the inclusion of 
sentiment data greatly enhances the model fit, as indicated by the improved adjusted 
R-squared value, in comparison to a model that excludes sentiment data. Hence, sen-
timent seems a worthwhile candidate for predicting volatility.

Next we turn to one-step ahead forecasts of realized volatility. The accuracy of 
forecasts is being assessed by loss functions, i.e., mean absolute error (MAE), root 
mean squared error (RMSE), as well as quasi-likelihood (QLIKE). The results, pre-
sented in Table 4, unveil key insights.

Firstly, when sentiment data is not considered (upper panel of Table 4), we find 
that the benchmark HAR model performs well only for BTC. For other cryptocur-
rencies we find improved accuracy when utilizing machine learning (ML) models, 
particularly the CNN-BiLSTM model. Generally, gray shaded cells in Table 4 high-
light the best performing model for each coin and loss function respectively. Sec-
ondly, when sentiment data is incorporated (lower panel of Table 4), the superior-
ity of ML models is further confirmed, with LightGBM and XGBoost emerging as 
the top-performing models in terms of forecast accuracy. Overall, we assess forecast 
accuracy for three loss functions, six models, and eight coins, a total of 144 evalu-
ated cases. In 78 of these cases or 54.17% (cells in the lower panel tagged with an 
asterisk), adding sentiment improves the accuracy of the respective model compared 
to models without sentiment.

Interestingly, and in contrast to the findings of Sapkota (2022), our findings reveal 
that the inclusion of sentiment data does not increase the accuracy of the HAR 
model with bitcoin being the only exception. Furthermore, while the CNN-BiLSTM 
model performs well when excluding sentiment, the inclusion of sentiment data, on 
average across the eight coins under consideration, markedly deteriorates the loss 
function values. The same is true for the MLP model. Conversely, sentiment on 
average significantly improves forecast accuracy in terms of MAE, RMSE as well 
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as QLIKE with LightGBM, XGBoost and LSTM. Table 5 reports detailed results of 
average changes of the loss function values across the eight coins in the sample.

In summary, when it comes to predicting realized volatility of cryptocurrencies, 
the final recommendation therefore tends towards using either of the latter three 
machine learning tools (LightGBM, XGBoost, LSTM) along with the inclusion of 
sentiment data.

5.2 � Comparing models’ forecasting ability

Table 6 shows the MCS test results using both MSE and QLIKE metrics derived 
from out-of-sample forecasting. Bold values in the table indicate the optimal model 
selected by MCS. The test also identifies other models with Equal Predictive Ability 
(EPA) at the specified confidence level. Our findings indicate that before the inclu-
sion of sentiment data (panels 1 and 3 of the table), the LightGBM model is con-
sistently identified as one of the superior models for ETH, DOGE, and LTC dem-
onstrating lower prediction errors and higher stability in forecasts. The XGBoost 
model also shows strong performance across several cryptocurrencies. However, the 
HAR model, while performing well for BTC and DOGE, generally underperforms 
compared to machine learning models for other cryptocurrencies.

After incorporating sentiment data (panels 2 and 4 of the table), the performance 
of machine learning models, particularly XGBoost, further improves. The XGBoost 
model shows significant improvements on five occasions, while the HAR model 
shows notable improvement in its MCS ranking for BTC and DOGE with sentiment 
data but still lags behind the advanced machine learning models for most other cryp-
tocurrencies. This outcome underscores the efficacy of machine learning and gradi-
ent boosting techniques in capturing the complex dynamics of cryptocurrency vola-
tility, especially when sentiment data is included.

Moreover, the MCS test results for individual forecasts using the QLIKE loss 
function, both without sentiment and with sentiment, show that ML models, particu-
larly LSTM and CNNBiLSTM, consistently outperform the other models. Including 
sentiment data further supports the superiority of ML models across all cryptocur-
rencies, while the HAR model is eliminated in all cases. These findings underscore 

Table 5   Average relative loss function values after sentiment inclusion. This table reports the ratio of 
average loss function values across all coins with and without the inclusion of sentiment. For instance, 
the value 1.0533 for the HAR model and MAE implies that the inclusion of sentiment on average 
increases MAE by 5.33% across all coins

MAE RMSE QLIKE

HAR 1.0533 1.0378 1.1571
LightGBM 0.8374 0.7306 0.8979
XGBoost 0.8519 0.9533 0.9268
LSTM 0.8236 0.9025 0.9748
MLP 1.3461 1.3234 1.0162
CNN-BiLSTM 1.2354 1.1417 1.0194
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the superior forecasting accuracy of advanced ML models, highlighting their abil-
ity to leverage complex patterns and diverse data sources for improved financial 
predictions.

Tables 7 and 8 further provide a comparative analysis of the forecast accuracy in 
terms of MSE and QLIKE between different model pairs. The DM test assesses the 
null hypothesis of equal predictive accuracy, thereby offering insights into whether 
observed differences in forecast performance are statistically significant.

Contrary to the MCS test, results derived from the DM test are ambiguous. When 
evaluating forecast accuracy in terms of MSE, the HAR model performs reasonably 
well and is superior to LBM and XGBoost when discarding and including sentiment 

Table 6   MCS test results. This table presents the results of the MCS test conducted using both MSE and 
QLIKE loss functions. The confidence level for the test is set at � = 0.2 Models demonstrating Equal 
Predictive Ability (EPA) at the 75% level are bolded in the table

BTC ETH ADA DOGE DOT LTC SHIBA SOL

MSE (without sentiment)
HAR 0.0000 0.0000 0.0000 0.6636 0.0000 0.2950 0.2940 0.4700
LightGBM 0.0000 1.0000 0.0000 1.0000 0.2626 1.0000 0.9702 0.2954
XGBoost 1.0000 0.5432 1.0000 0.7686 0.7432 0.4456 0.1616 1.0000
LSTM 0.7182 0.7878 0.5076 0.6218 0.9274 0.7120 0.9630 0.6486
CNNBiLSTM 1.0000 0.0566 1.0000 0.2408 0.5536 0.0852 0.0034 0.5680
MLP 0.9868 0.7630 0.9876 0.6766 1.0000 0.7042 1.0000 0.7726
MSE (with sentiment)
HAR 0.4922 0.0236 0.0178 1.0000 0.0394 0.8212 0.0638 1.0000
LightGBM 0.7724 0.2540 0.0000 0.4368 0.8442 1.0000 0.3370 0.7974
XGBoost 1.0000 1.0000 1.0000 0.8768 1.0000 0.7948 1.0000 0.9602
LSTM 0.7408 0.2774 0.3976 0.2356 0.3122 0.3692 0.5154 0.3176
CNNBiLSTM 1.0000 0.2758 0.3244 0.0000 0.8442 0.0306 0.1018 0.0482
MLP 0.0000 0.7398 0.8076 0.8380 0.8600 0.4712 0.9928 0.7588

BTC ETH ADA DOGE DOT LTC SHIBA SOL
QLIKE (without sentiment)
HAR 0.0000 0.0000 0.0000 0.7770 0.0000 0.5802 0.0000 0.0000
LightGBM 0.0000 0.0000 0.0000 0.0612 0.3960 0.1668 0.0000 0.0000
XGBoost 0.0000 0.0000 0.0000 0.0368 0.0000 0.0098 0.0000 0.0000
LSTM 0.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000 1.0000
CNNBiLSTM 1.0000 0.0062 0.9534 0.1904 0.0523 0.0140 0.0000 0.1738
MLP 0.0000 0.0630 0.0000 0.9458 0.0047 0.8162 0.0000 0.5946
QLIKE (with sentiment)
HAR 0.0000 0.0000 0.0000 0.5588 0.0000 0.0960 0.0000 0.0904
LightGBM 0.6608 0.0000 0.0000 0.7096 1.0000 1.0000 0.5056 1.0000
XGBoost 0.0032 1.0000 1.0000 0.9254 0.9952 0.5040 1.0000 0.8218
LSTM 0.9786 0.0000 0.5392 0.2456 0.9186 0.3856 0.3562 0.3648
CNNBiLSTM 1.0000 0.0000 0.1268 0.2232 0.9952 0.0138 0.0000 0.0506
MLP 0.0164 0.6394 0.9600 1.0000 0.4256 0.3480 0.9656 0.9874
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respectively (as evidenced by mainly positive values for the DM test statistic). The 
other ML models provide more accurate forecasts as compared to the HAR model. 
In other words, in 28 out of 48 comparisons of the HAR model with either of LSTM, 
CNNBiLSTM, and MLP, the machine learning approach is more reliable in terms of 
forecast accuracy. However, only a few of the results presented in Table 7 are sta-
tistically significant. Interestingly though, when referring to QLIKE as the pivotal 
measure of forecast accuracy, the HAR model significantly outperforms all of the 
ML models for bitcoin when sentiment is discarded. For the remaining coins, fore-
casts without the inclusion of sentiment are consistently more accurate when LBM 
or XGBoost are being applied. The remaining ML perform poorly and the HAR 
model often provides statistically significant increased precision. Upon the inclu-
sion of sentiment, forecast precision as measured by QLIKE still points at the HAR 
model as a feasible tool. However, in some few instances, ML models provide more 
accurate forecasts.

In conclusion, the analysis of MCS and DM tests largely confirms our earlier 
forecasting results, highlighting the advantage of advanced machine learning mod-
els in volatility forecasting and underscoring the pivotal role of sentiment data in 
enhancing predictive accuracy.

6 � Conclusion

In this study, we investigated the distinct role of news sentiment in enhancing the 
accuracy of cryptocurrency volatility forecasts. By collecting crypto-specific news 
headlines, our research seeks to understand how sentiment embedded in news can 
inform and improve volatility predictions. We employ the Heterogeneous Autore-
gressive (HAR) model as a benchmark for forecasting the 6-hour realized volatil-
ity across eight major cryptocurrencies. We then compare against five advanced 
machine learning (ML) models to assess their relative performance.

The out-of-sample findings show that the machine learning models consistently 
outperformed the HAR benchmark across the board, with the notable exception of 
Bitcoin. This exception presents an intriguing case for further investigation, con-
sidering Bitcoin’s dominance, unique market dynamics, and investor perception. 
Moreover, the integration of sentiment data as an explanatory variable resulted in 
a substantial improvement in forecasting accuracy in over half (54%) of the cases 
evaluated. Specifically, this improvement shows the effectiveness of sentiment anal-
ysis with ML in capturing market dynamics that linear models such as the HAR 
may overlook. When assessing forecast accuracy using established tools like the 
MCS test, the baseline results can be validated. Machine learning models that have 
already been shown to outperform the HAR model continue to deliver more accu-
rate predictions of realized volatility. However, the DM test provides a nuanced 
perspective on these findings. For both loss functions-MSE and QLIKE-as well as 
forecasts with and without sentiment data, the HAR model can still generate rea-
sonably accurate forecasts. While some machine learning approaches do outperform 
the benchmark HAR model, there is no definitive choice among the respective ML 
models. In recent years, the DM test has become a standard for comparing forecasts 
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in out-of-sample environments, but its primary purpose is not to compare different 
models such as HAR and ML models (Diebold (2015)). Therefore, the main find-
ings of this study should be viewed within the context of the various analyses con-
ducted. Overall, incorporating sentiment data and utilizing machine learning tools 
for forecasting realized volatility in cryptocurrency markets proves to be beneficial.

The findings of this study align with existing research, illustrating that investor 
sentiment significantly influences the cryptocurrency market. This is in line with 
prior studies by Jo et  al. (2020), Conghui Chen and Zhao (2020), and Dias et  al. 
(2022), shedding light on market fluctuations that classical finance theories could 
not fully explain. Machine Learning models used in this research demonstrate their 
ability to predict market volatility, affirming the role of sentiment factors on inves-
tor behaviour. These findings contribute to our understanding of the crypto market, 
offering explanations for its rapid shifts and bubbles, in accordance with the foun-
dational theory of Shiller (2003). This study also confirms that market volatility 
is affected by investor sentiment, which varies with market conditions, providing 
empirical evidence supporting the application of these theories in cryptocurrency 
market analysis.

Our study has multiple practical implications, offering market participants an 
insight thru a new lens which to view risk management and portfolio allocation 
in the evolving crypto domain. By understanding the predictive power of senti-
ment analysis coupled with machine learning, investors and traders can make more 
informed decisions, potentially leading to improved portfolio performance. For 
the academic community, our study paves the way for further exploration into the 
integration of advanced analytics with traditional financial theories. It challenges 
researchers to think beyond conventional models and explore the rich potential of 
interdisciplinary approaches in financial analysis.

In conclusion, our study not only contributes to the existing body of knowledge 
but also opens new avenues for future research. It highlights the growing impor-
tance of alternative data sources, such as sentiment data, in financial forecasting and 
the pivotal role of machine learning in harnessing this data. As the financial world 
becomes increasingly complex and interconnected, such innovative approaches will 
be crucial in navigating market dynamics and making sound investment decisions.
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