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Introduction

Volatility forecasting in cryptocurrency markets poses unique challenges because of
its inherent high-risk nature, nonlinearity, and extreme price fluctuations. Traditional
time series (TS) models, such as ARMA and HAR, have been widely used in financial
forecasting, with the HAR model being particularly effective at capturing long-memory
effects, despite not formally belonging to the long-memory class of models (Corsi
2009). However, these models often face limitations in handling the nonlinearities of
cryptocurrency markets. To address these complexities, recent studies have increasingly
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focused on machine learning (ML) models, such as long short-term memory (LSTM)
networks, which can accommodate complex temporal dependencies (i.e.Peng et al. 2018;
Bucci 2020; Zhu et al. 2023; Christensen et al. 2023; Wang et al. 2023a; Zhang et al. 2024;
Ding et al. 2025). Moreover, the studies of Fischer and Krauss (2018) and Koo and Kim
(2024) further demonstrate that ML models can outperform traditional methods to a
certain extent. However, despite their promise, ML models also face ongoing concerns
regarding overfitting and their ability to effectively capture short-term volatility
dynamics.

The predictive accuracy of volatility forecasting models can also be improved by
incorporating cross-market information flows, which is particularly important for
further amending forecast losses. This can be done by adding lagged exogenous variables
from other markets to the primary model, allowing for evaluation of whether such cross-
market data improve volatility forecasts. The concept of utilizing information from one
market or asset class to forecast another is well established and has been widely explored
in the financial forecasting literature. Studies such as Peng et al. (2018), Sin (2013),
Degiannakis and Filis (2017), McMillan (2020), Zhang et al. (2020) and Wang et al.
(2023b) have demonstrated the significance of cross-market information flow in various
asset classes. However, the same depth of research is not present in the cryptocurrency
market, where the external factors driving cryptocurrency volatility remain unclear
and are still a topic of ongoing debate (see, limited and contradictory findings, among
others, Corbet et al. 2018; Kumar and Ajaz 2019; Shahzad et al. 2019; Corbet et al. 2020;
Wu et al. 2021; Liang et al. 2022; Wang et al. 2023¢; Setiawan and Bhaduri 2023; Kose
et al. 2024; Levantesi et al. 2025). While some studies examine the impact of coins on
cross-crypto volatility, this area is still underresearched.! A few notable exceptions
include Guo et al. (2024), who found strong evidence of cross-cryptocurrency return
predictability, particularly highlighting Bitcoin’s (BTC) lagged returns as a predictor for
other cryptocurrencies.

Adding lagged exogenous variables in univariate volatility forecasting models generally
involves examining the relationships between two different variables, often yielding
pairwise results. These results, however, only show the interdependence between
those two variables, which cannot provide a system-wide understanding of volatility
transmission. A more comprehensive method for analyzing information transmission
across multiple variables is the volatility spillover index of Diebold and Yilmaz (2009,
2012). This approach, which is based on a multivariate VAR model and forecast error
variance decomposition, provides a much clearer measure of how many market shocks
are transmitted across different variables, making it a powerful tool for understanding
market contagion and risk transmission. In its original form, the method provides a
static measure of spillovers.” However, the cryptocurrency market is characterized by
its dynamic behaviors rather than static patterns, which are largely influenced by its
high volatility. The reason is that, unlike traditional markets, cryptocurrencies undergo

! This paper interchangeably uses the terms; cryptocurrencies, coins, and crypto.

2 This is because it calculates the spillover index from the variance decomposition of a single VAR model estimated over
the full sample period. In this static setup, the spillover index gives a fixed measure of how much of the forecast error
variance for each variable is attributable to shocks in other variables, but it does not change over time. It reflects the
average spillover effects for the entire sample period.
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frequent price fluctuations, where market conditions can change rapidly within a short
period of time (see, e.g., Chaim and Laurini 2018; Corbet et al. 2019; Shahzad et al. 2019;
Bouri et al. 2020; Bouri et al. 2021).

Building on the recent work of Wang et al. (2023b) and Zhang et al. (2024), which
focused solely on stock market volatility forecasting, this study presents a novel
perspective by incorporating volatility forecasting with volatility connectedness analysis
in the cryptocurrency market. In doing so, we evaluate and compare the predictive
performance of traditional time series (TS) models, such as HAR and ARMA, with
that of advanced machine learning (ML) models, including LSTM, MLP, and GEN, for
forecasting realized volatility in major cryptocurrencies—Bitcoin (BTC), Ethereum
(ETH), Litecoin (LTC), and Ripple (XRP). Additionally, we examine the impact of
each coin on cross-cryptocurrency realized volatility by incorporating each coin as a
predictor to estimate the realized volatility of others. Beyond model comparison, we
also analyze the interconnectedness of realized volatility among these cryptocurrencies
via a dynamic VAR model, identifying whether each coin acts as a volatility transmitter
or receiver. This interconnectedness is further explored through the lens of complex
network theory, providing a comprehensive view of realized volatility spillovers within
the cryptocurrency market.

This study makes several important contributions to the emerging literature on
cryptocurrency volatility by employing high-frequency cryptocurrency data derived
from 5-min intervals and combining two distinct methodologies: volatility forecasting
and volatility connectedness. First, using realized volatility measures, we demonstrate
that traditional time series (TS) models, particularly the HAR model, consistently
outperform ML models in forecasting cryptocurrency realized volatility. Although the
well-known LSTM model from the ML family performs well in some cases, it struggles
with overfitting and short-term volatility. Second, our findings reveal that lagged realized
volatility of large-cap coins improves forecasts for mid-cap coins, whereas large-cap coin
volatility remains largely unaffected by external crypto data, suggesting greater stability
compared with mid-cap coins. Third, the connectedness analysis highlights a rise in
spillover effects, especially during periods of market turbulence. In these dynamics,
large-cap cryptocurrencies emerge as primary transmitters of volatility, whereas mid-cap
cryptocurrencies tend to be receivers, highlighting the hierarchical nature of volatility
transmission. Overall, this study aims to provide deeper insights into the strengths and
limitations of various forecasting models and analyze volatility connectedness from the
perspective of high-frequency data. By doing so, this work provides critical information
for market participants, financial researchers, and risk managers to make informed
decisions in highly volatile cryptocurrency markets.

The structure of this paper is as follows: Sect. "Methodology" outlines the methodology,
Sect. "Data description and analysis of cryptocurrency data characteristics” describes
the data and examines cryptocurrency data characteristics, Sect. "Empirical results"
presents empirical results, and Sect. "Conclusion" concludes the study.
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Methodology

Realized volatility

Volatility is not directly observable; thus, a proxy for true volatility is necessary. The use
of daily squared returns as a proxy was standard practice until Andersen and Bollerslev
(1998) demonstrated that daily squared returns are a poor substitute compared with
cumulative squared intraday returns. Andersen and Bollerslev (1998) define realized
volatility (RV) as follows:

N
RV, = Z 2, 1)
n=1

where rtZ,n refers to the log asset squared return on day t. n” intraday interval and where
Tew = Pty — Pen—1, & =1,...,T;n=1,...,N), where T is the total number of trading
days, N is the number of intraday intervals and where p; , is the log asset price.

Traditional time series models

HAR model

The HAR-RV model originates from the heterogeneous market hypothesis developed
by Miiller et al. (1997). This hypothesis posits that different groups of investors exhibit
varying risk preferences and respond differently to the same new market information.
Inspired by the HARCH model and the heterogeneous market hypothesis, Corsi (2009)
proposes the heterogeneous autoregressive (HAR) model for the RV.

thih = Po+ BaRVE + BuRV} + BuRV!" + £14 (2)

where RV? is the daily realized volatility; RV} refers to the weekly realized volatility;
and RV} indicates the monthly realized volatility. Notably, this study follows the original
HAR formulation introduced by Corsi (2009), which models RV in levels rather than in
logarithmic form to stabilize variance and ensure positivity. RV} and RV} can easily be
calculated as follows:

1
RV == (RV{’,5 FRVE, + ... +Rv;{1) 3)

1
RV = i(131/;’_22+Rv,;’1_21 . RV (4)

This model operates as an additive cascade of various volatility components and aims
to capture different time horizons of volatility, specifically daily, weekly, and monthly
components. The model’s specification integrates these different volatility components
to provide a more comprehensive volatility forecasting framework. In Eq. 2, exogenous
variables can be added to the equation with the expression ﬂXXf . Moreover, the kitchen-
sink method, which adds multiple exogenous variables simultaneously into the model, is

K
represented by > ﬁiXth.
=1

14
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AR, ARMA, and ARFIMA models

The ARFIMA (autoregressive fractionally integrated moving average) model, introduced
by Granger and Joyeux in 1980, belongs to the family of long-memory models,
meaning that it is effective at capturing the persistence characteristic of volatility over
time. The ARFIMA model helps address long-range dependencies in time series data,
offering better forecasts by accounting for both short-term fluctuations and long-term
persistence. Moreover, Andersen et al. (2003) propose the use of the ARFIMA model
specifically for modeling realized volatility. The general form of the ARFIMA (p, d, q)
model is described as follows:

o)A = D)dRVt — ) = 0(L)e; (5)

In Eq. (5), (L) and 6(L) represent the lag polynomials for the autoregressive (AR)
and moving average (MA) components, respectively. The term &, refers to the error
term, which is assumed to follow a Gaussian white noise distribution with a mean of
zero and variance [N(O,Ulf)]. The parameter d in the equation represents the fractional
differencing, which captures the long-term memory behavior of volatility. While the
AR and MA components account for the short memory properties, the fractional
differencing term d accounts for modeling the long-term memory in the volatility
dynamics. In the ARFIMA specification, the fractional differencing parameter is set at d
~ 0.40, which is consistent with Andersen et al. (2003), where values in the range (0, 0.5)
capture long memory and d =0 corresponds to an ARMA process.

From this point of view, AR(p) is a special case of ARFIMA in which d=0 and q=0.
This means that when the moving average (MA) component and fractional differencing
parameter (d) are removed from ARFIMA, the AR model can be obtained. Similarly,
ARMA can be derived by removing only the “d” parameter from the ARFIMA model
equation.

In this study, we use realized volatility data constructed from high-frequency intraday
prices but aggregated at the daily level. Given this setup, we deliberately exclude
GARCH-type models from our benchmark set for two key reasons. First, traditional
GARCH models are designed for modeling volatility directly from return series via
maximum likelihood estimation (MLE). Applying these models to realized volatility
data introduces estimation challenges and often leads to convergence errors or model
misspecification. Second, while the realized GARCH model (Hansen et al. 2012) is
specifically designed to incorporate realized measures, it is typically estimated at the
same high-frequency level as the input data (e.g., minute-level returns). This makes it
incompatible with our framework, which compares models using daily level realized
volatility. A comparison between models estimated at different data frequencies would
compromise the consistency and fairness of the analysis. Therefore, we focus on
comparing traditional time series models (HAR, ARMA) and machine learning models

on a unified daily frequency basis.

Machine learning models
Multilayer perceptron (MLP)
Multilayer perceptron (MLP) networks are a type of feedforward neural network

commonly used for tasks such as pattern recognition, prediction, and function
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approximation. In an MLP, neuron connections are governed by weighted parameters
that are iteratively adjusted throughout the learning process. Training in MLPs employs
the backpropagation algorithm, which operates through two main phases: a forward
pass and a backward pass. In the forward phase, data flow through the network with
fixed weights to generate an output. In the backward phase, the algorithm calculates
the discrepancy between the actual and predicted outputs, propagating this error back
through the network to update the weights. This iterative weight adjustment process is
aimed at reducing the mean squared error or total error.
For a single hidden-layer MLP, the model can be mathematically defined as follows:

i
Mkt = Wko + Z Wi,i%it (6)
i=1
1
Nyt = L(ngs) = T o r (7)
k
Ye=Jo+ Y JiNigs 8)
k=1

The training process starts with input vectors x;;, weight vectors wy ;, and bias terms
wi,0. These inputs are then processed via the logistic sigmoid function, represented as

L ("k,t) = ﬁ, which forms neuron activations Ny, and predicts the output Y;.

1+

Recurrent neural networks (RNN)

Recurrent neural networks (RNNs) are a specialized form of neural network tailored

for sequential data processing. Unlike conventional feedforward networks, RNNs

are designed to maintain information from prior inputs through internal memory,

enabling them to model both current and past inputs in each computation step. This

characteristic makes RNNs particularly effective for tasks with temporal dependencies.
The mathematical formulation for an RNN is as follows:

i k
My = Wio + Z Wi,iXit + Z PP —1 9)
i=1 k=1
Ny = ! 10
=1 ¢ e (10)
k
Yy = /o + Z AN, (11)
k=1

where 7 represents the input features, k is the number of neurons, w denotes weights,
and ¢ captures the influence of the preceding state 7 ;_; on the current state.

Page 6 of 32
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Long short-term memory (LSTM)
Long short-term memory (LSTM) networks, introduced by Hochreiter and
Schmidhuber (1997), address issues in RNNSs, such as training instability and the
vanishing gradient problem, which can hinder long-sequence learning. The vanishing
gradient problem arises when gradients diminish while propagating backward through
the network, making it challenging to learn long-term dependencies. LSTM networks
mitigate this issue by incorporating a cell state and three gating mechanisms—input,
output, and forget gates—that control information flow within the network.

Input Gate: Determines which new information enters the cell state.

Output Gate: Regulates the information used to generate outputs from the cell state.

Forget Gate: Manages which information is removed from the cell state.

This gated structure allows LSTMs to maintain essential information over extended
sequences while discarding irrelevant data, making them well suited for complex
sequence modeling and time series forecasting tasks.

Radial basis function networks (RBFNs)
Radial basis function networks (RBFNs) are three-layer networks that use radial basis
functions as activation units. Originally developed by Lowe and Broomhead (1988),
RBFNs aim to improve upon multilayer perceptron (MLP) networks by offering faster
training and simpler parameterization.

The process for RBFNs, which is based on McNelis (2005), is defined as follows:

i*

ne=wo+ Y wikig (12)
i=1

Riy = ¢(ne; jx) (13)
k*

Ve = o+ Z AN (14)
k=1

In this structure, #; is a linear combination of input weights w; and input values x; ¢, 4
represents the centers of the radial basis functions, and ¢ their widths. The output ¥ is
estimated via radial basis functions Ry, and adjusted weights 4;. RBENs are recognized
for their efficiency, particularly in tasks requiring rapid and accurate learning.

Generalized feedforward networks (GFNs)

Generalized feedforward networks (GFNs) extend standard MLP architectures
by allowing connections to bypass one or more intermediate layers. This flexible
structure enables certain layers to connect directly with the output layer, providing raw
information in addition to the processed data from the hidden layers.

The key advantage of GFNs is their adaptability: they provide direct connections
for linear data components, whereas hidden layers handle nonlinear processing when
needed. Although MLPs theoretically offer similar capabilities, GFNs frequently deliver
more efficient and accurate solutions in practical applications.
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Modular feedforward networks (MFNs)

Modular feedforward networks (MFNs) adapt the traditional feedforward design to
reduce complexity and improve robustness. Prompted by challenges such as slow
convergence and difficulty in learning weights, MFNs segment tasks into smaller,
independent modules, each contributing autonomously to the final output without
interacting during computation. This modular structure enables efficient handling of
complex tasks by delegating subtasks to individual network modules.

Optimization process
This study leverages several neural network architectures implemented in MATLAB and

Python, employing the following configurations:

+ Hidden layers: Hidden layers connect the input and output layers and handle
essential computations. Although theoretically, a single hidden layer can approximate
continuous functions, one or two layers are commonly used in practice for optimal
results (Thomas et al. 2017). This study uses up to two hidden layers per model.

+ Epochs: Each epoch represents a full pass through the training dataset, set to a
maximum of 1,000. Early stopping is applied if no improvement occurs after 100
epochs, helping to prevent overfitting.

o Weights: Weights are crucial in transforming inputs within hidden layers. This
study applies both batch and online modes for weight updates, with batch mode
accumulating weight changes across the dataset and online training updating weights
after each data presentation.

o Activation function: Activation functions restrict the output values to be divided into
linear and nonlinear types. Given the nonlinear nature of financial markets (Franses
& Van Dijk 2000), this study uses the hyperbolic tangent (tanh) function, which
ranges from -1 to 1, providing robust performance for time series forecasting (Farzad
et al. 2019).

+ Learning rule: The Levenberg—Marquardt (LM) algorithm, developed by Levenberg
(1944) and Marquardt (1963), is employed to increase network performance by
minimizing error functions. Known for rapid and stable convergence, this method
is particularly effective for training networks that rely on higher-order adaptive
algorithms (Yu & Wilamowski 2018).

For reproducibility and comparability across models, we also conducted grid-based
hyperparameter tuning for key architectural components. The specific hyperparameters
and value ranges are summarized in Table 1 below:

All the models were trained via multiple random seeds to control for stochastic
variation in weight initialization. Forecasting performance was averaged across multiple
runs and assessed via a wide array of loss functions (e.g., RMSE, MAE, MSLE, and
Theil’s U) to provide a robust and holistic comparison. The full results are presented in
Sect. "Empirical results".
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Table 1 Hyperparameter tuning grid for neural network models

Model type Hyperparameter Values tested
MLP/MFN/GFN Number of hidden layers (1,2
Neurons per layer (32,64, 128)
Activation function (tanh)
RNN/LSTM Time lag window (sequence) (5,10, 15) days
Number of hidden layers (1,2
Neurons per layer (32,64, 128)
Dropout rate (LSTM) (0.1,0.2,0.3)

RBFN Spread/center initialization Determined via k-means
clustering and manual
calibration

All models Learning algorithm (Levenberg-Marquardt)

Batch vs. online training Both

The hyperparameter ranges were chosen to ensure a balance between model complexity and generalizability, in line with
standard practices in financial time-series forecasting. Configurations such as 1-2 hidden layers, 32-128 neurons, and the
tanh activation function are widely used for capturing nonlinear dynamics.

The Levenberg-Marquardt algorithm was selected for its fast and stable convergence. Dropout was applied to LSTM models
for regularization, and both batch and online training modes were tested. For further reference on these choices, please
see Thomas et al. (2017), Farzad et al. (2019), Bucci (2020),Yu & Wilamowski (2018), Srivastava et al. (2023), and Kristjanpoller

(2024).

Forecast | Rest of Test Set

Horizon |
time: 1 2 3 a 5 6 7 8 £l 10 | 11 | 12

bad predictions
time: a 2 a a 5 6 7 8 9 10 Al 12
bad predictions
time: T 2 3 a 5 6 7 8 E] 10 11 12
bad preds.

time: 1 I 2 | 3 a S 6 7 8 L] 10 11 12
time: 1 2 3 a s 6 7 8 9 10 11 12

Fig. 1 Working principle of the rolling window mechanism

Rolling window forecasting method

The working principle of the rolling window for volatility forecasting is illustrated
in Fig. 1. The estimation sample is rolled forward by adding a new observation while
dropping the most distance observation. By doing so, the size of the in-sample window
used in the estimation process remains at a fixed length. The first four lines of Fig. 1
illustrate how the loop command functions, whereas the last line displays the predefined
training and test samples, which are color coded in green for the time horizon between
1 and 8 and orange for the horizon between 9 and 12. Notably, forecasts extending
beyond one step are more likely to be inaccurate because of insufficient data for future
predictions. Therefore, forecasts beyond one step ahead are marked as "bad predictions"
in the figure.
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Loss functions

Table 2 lists the loss functions used in this study for evaluating the accuracy of various
forecasting models. Loss functions play a critical role in assessing the accuracy of
forecasting models by quantifying the error between actual values (y;) and predicted
values (f;). The mean error (ME) calculates the average of the differences, indicating
the direction of bias in predictions (whether the model tends to over- or underpredict).
The root mean square error (RMSE), which squares the differences before averaging
and taking the square root, emphasizes larger errors and is sensitive to outliers. On the
other hand, the mean absolute error (MAE) avoids squaring and focuses on the average
magnitude of errors, ensuring a more robust assessment when outliers are present.

For more robust measures, the median error (MDE) and median absolute error
(MDAE) focus on the median of the errors and absolute errors, respectively, making
them less sensitive to extreme values than their mean-based counterparts. These
median-based metrics help reduce the influence of outliers, offering a clearer view of the
typical performance of the model.

The mean absolute error relative to the mean (MAM) and median absolute error
relative to the median (MDAMD) normalize the errors by dividing by the mean or
median of the actual values, making them useful for comparing forecasts across datasets
with different scales. Finally, the mean squared logarithmic error (MSLE) is particularly
useful when dealing with exponentially growing data, as it computes the squared
differences after taking the logarithm of both actual and forecasted values. This makes
MSLE more appropriate for cases where relative errors for smaller values are crucial.

The accuracy of forecasts can be measured via Theil’s U statistic, where lower values
indicate better forecast performance. This statistic ranges from 0, with 0 representing a
perfectly accurate forecast. Theil’s U is essentially the ratio of the RMSE of the forecast
model to the RMSE of a naive model that predicts the next value as equal to the current

Table 2 Loss functions for evaluating the accuracy of forecasting models

Metric Name Formula
ME Mean error mean(y; — f;)
RMSE Root mean squared error
. \/mean((y — 1))
MAE Mean absolute error mean(ly: — fi|)
MDE Median error median(y; — f;)
MDAE Median absolute error median(ly; — f;|)
MAM Mean absolute error relative to the mean of mean =fil
realizations mean(y)
MDAMD Median absolute error relative to the median of  pedjgn _Ye—"t!
realizations median(y)
MSLE Mean squared logarithmic error mean([log(y; + 1) — log(f; + D)
U Theil's U fip1— — -1
\/mean(([wyryzw))z[((ywywr le)Z]
UM Bias proportion F—p’
MSE

UR Regression proportion (55 ="s)?

MSE
ub Disturbance proportion a-1?sp

MSE

y; represents actual values, and f; represents predicted values

f and y are the sample means of the forecasts and the actual values, respectively. s; and sy are the respective standard
deviations (using T in the denominator), and Y is the sample correlation betweeny and f
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value (y:+1 = ¥¢). A naive model yields a Theil’s U value of 1; thus, values less than 1
reflect an improvement over this baseline, whereas values above 1 suggest poorer
performance.

Theil et al. (1966) also proposed a decomposition of the MSE into three nonnegative
components, which help assess forecast quality from different angles, such as UM, UR,
and UD. These components provide insight into different aspects of the errors.

Hansen et al. (2011) proposed the widely recognized model confidence set (MCS)
procedure for identifying a group of superior forecasting models through a sequential
elimination algorithm. At a chosen confidence level, this algorithm iteratively removes
models with inferior predictive performance on the basis of a specified loss function
without relying on a predefined benchmark. Models that fail to demonstrate adequate
predictive accuracy are excluded from the initial pool of candidates. Among the various
test statistics available for the MCS procedure, Hansen et al. (2003) recommend the
range and semiquadratic statistics as the most effective. The core steps of the MCS
procedure are summarized as follows. Let L;; denote the criterion of model i and
let d;jx = Lix — Ljx denote the differential. The null hypothesis of the procedure is
Hoym = E(di,j,k) =0, fori,j € M, M C M, and the null hypothesis is tested against the
alternative hypothesis Hy 5 = E(d,',j,k) # 0, forsomei, j € M.

VAR model

The vector autoregression (VAR) model, developed by Sims in 1980, is an influential
econometric tool designed to capture the linear relationships among multiple
time series variables. This model is particularly valuable for studying how several
endogenous variables interact with and influence each other over time. To estimate the
parameters effectively, the VAR approach is executed in two stages, taking into account
heteroscedasticity and ensuring a balance between complexity and parsimony. The
general form of a VAR model with p-th order and N-variables can be specified as follows

for a covariance-stationary system:

p
Ry = po + Z DpRt—p + &4 (15)
p=1

where R; represents a vector of N variables, each corresponding to the volatility
of returns from stock markets at a given time ¢. The term &, is an NxN matrix of
coefficients, which captures the relationships between the variables across time.
Finally, &; denotes a vector of disturbances, with each element being independently and
identically distributed (i.i.d.) and having a covariance matrix X.

The vector autoregression (VAR) methodology is essential because of its moving
average (MA) representation, which plays a key role in comprehending impulse response
functions. The MA representation expresses the VAR model as follows:

oo
Ry=po+ Yy Kier (16)
i=0

where K; is the NxN coefficient matrix, defined recursively as:
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Table 3 Summary statistics from observations 2018-05-15 to 2023-01-24

Statistics/variable RV_BTC RV_ETH RV_LTC RV_XRP
Mean 2818 4.588 5.766 6.597
Median 1.377 2437 3.205 2.535
Minimum 0.002 0.001 0.060 0.006
Maximum 189.56 157.22 292.55 286.50

Standard deviation 6.917 8.192 11.434 16.133
5% percentage 0.147 0434 0.644 0461

95% percentage 9.297 15.196 17.732 23.771

Missing observation 0.000 0.000 0.000 0.000

Ki=0Kio1 + 0K o+ ...+ 0,Kip (17)

with Ko being the identity matrix NxN and K; = Ofori < 0.

This recursive formulation enables the exploration of the system’s dynamic behavior
by observing how disturbances in one variable propagate to others over time via impulse
response functions. This feature makes VAR particularly effective for uncovering causal
links and dependencies in multivariate time series data.

In summary, the VAR approach provides a robust framework for modeling the
interactions of multiple time series, providing in-depth insights into the system’s
dynamic structure and the causal relationships among variables. This is especially
valuable for studying the volatility of financial markets and other intricate systems where

variables are interrelated.

Data description and analysis of cryptocurrency data characteristics

This study uses high-frequency cryptocurrency data (of Bitcoin, Ethereum, Litecoin, and
Ripple) downloaded from the “CryptoDataDownload” website, covering a nearly five-
year period from May 15, 2018, to January 24, 2023. The intraday dataset, containing
almost half a million (493,968) observations, is originally available at 5-min intervals.
Hol and Koopman (2002) recommend using a frequency interval between 5 and 30 min
for precisely measuring realized volatility. Liu et al. (2015) further support this by
comparing over 400 realized measures. They find that it is challenging to significantly
outperform the five-minute realized variance, which has led to a broad agreement
among scholars and practitioners to adopt the 5-min realized variance as a standard for
target volatility.

Having obtained this large volume (nearly half a million) of high-frequency data, the
intraday dataset at the five-minute interval is aggregated into daily realized variance
values, yielding 1716 daily observations. For forecasting, approximately the first 1000
(~60%) daily data points are used for in-sample estimation, whereas the remaining 716
(~40%) are allocated as the out-of-sample forecasting period.> A one-step-ahead rolling
window forecasting technique is employed to generate volatility forecasts.

3 We also test the model performance using an 80%-20% training-test as well as 60%-40% sample split.
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Fig. 3 Correlation matrix of realized volatility for the selected coins

In Table 3, the summary statistics for the realized variance of BTC, ETH, LTC, and
XRP reveal notable patterns. BTC has the lowest mean (2.818) and median (1.377),
indicating less overall variance than the other variables. Conversely, XRP has the highest
mean (6.597) and maximum (286.50) values, reflecting greater realized variance and
volatility. The volatility of these realized variances is further emphasized by the standard
deviations, with XRP exhibiting the highest deviation and BTC the lowest deviation.
Overall, the cryptocurrencies exhibit significant variability, with XRP being the most
volatile.
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The 5% and 95% percentage statistics reflect the lower and upper bounds of realized
variance distributions, providing insight into the tails of the variance series for the four
cryptocurrencies. BTC has the lowest 5% percentile (0.147) and 95% percentile (9.297),
indicating lower extreme volatility in comparison to the other cryptocurrencies. The
XRP has the highest 95% percentile (23.771), suggesting greater extreme volatility on the
upper end, followed by LTC and ETH. These percentiles illustrate the wide range and tail
behavior of volatility in cryptocurrency markets, with XRP and LTC showing the highest
tail risk (Fig. 2).

Figure 3 shows the correlation matrix that demonstrates the relationships between
the four cryptocurrencies, such as BTC, ETH, LTC, and XRP. BTC and ETH exhibit
the strongest correlation (0.9), indicating a high degree of comovement between
their realized variances. Similarly, ETH and LTC also show a strong correlation (0.8),
suggesting that their volatility patterns tend to move in tandem. BTC and LTC follow,
with a moderate correlation of 0.7. The XRP, however, is less correlated with the other
three variables, with values of approximately 0.4, which implies that its volatility is more
independent than those of the BTC, ETH, and LTC. Correlation tests for the coefficients
in Fig. 3 show that all reported correlations are statistically significant at the 5% level or
better, with the highest correlations (>0.70) being significant at the 0.1% level. Notably,
all diagonal elements are 1.00 by definition and are not tested.

Figure 4 shows the graphs of the Hurst exponent for the realized variance (RV) series
of BTC, ETH, LTC, and XRP. All of the values are above 0.5, which indicates persistent
long-memory behavior for the four selected coins. Specifically, BTC and LTC have an
estimated Hurst exponent of 0.71, ETH is 0.69, and XRP is 0.78. These values imply
that the realized volatility of these cryptocurrencies is highly persistent, meaning that

Rescaled-range plot for RV_BTC Rescaled-range plot for RV_ETH
Estimated Hurst exponent = 0.71 Estimated Hurst exponent = 0.69
@ @
c e
% 3
g g
H < 0.5 Anti-Persistence H < 0.5 Anti-Persistence
H=0.5 Random Walk H=0.5 Random Walk
H>0.5 Persistent H>0.5 Persistent
log(sample size) log(sample size)
Rescaled-range plot for RV_LTC Rescaled-range plot for RV_XRP

Estimated Hurst exponent = 0.71 Estimated Hurst exponent = 0.78
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H < 0.5 Anti-Persistence H < 0.5 Anti-Persistence
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Fig. 4 Graphs of the estimated Hurst exponent for the realized volatility of the selected coins
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past movements influence future volatility. This persistence is crucial for modeling,
as it suggests that volatility patterns do not follow a random walk but rather exhibit
trends that can be exploited for forecasting and risk management. This enhances the
understanding of volatility dynamics and supports the use of models that account for
long-memory characteristics in cryptocurrency markets, such as ML models and some
traditional TS models.

Empirical results

This study incorporates two distinct methods, volatility forecasting and volatility
connectedness, which employ high-frequency cryptocurrency data. The first part of
the empirical results thoroughly assesses the predictive performance of traditional
TS models against ML models for realized volatility forecasting across four major
cryptocurrencies.* In the second part, an extensive connectedness analysis for
cryptocurrency realized volatility is conducted utilizing a dynamic VAR model to
understand volatility spillovers within the cryptocurrency market. Our analysis is
conducted at the coin-specific level; therefore, the findings cannot be directly generalized
across all cryptocurrencies. Therefore, this scope may not capture the volatility dynamics
of smaller coins, which could behave differently. Moreover, relying solely on realized
volatility excludes option-implied measures that reflect forward-looking expectations.

Model comparison for realized volatility forecasting

Tables 4, 5, 6, and 7 for Bitcoin (BTC), Ethereum (ETH), Litecoin (LTC), and Ripple
(XRP) realized volatility forecasting, respectively, provide a comprehensive comparison
of various machine learning (ML) and traditional time series (TS) models. Relying on a
single loss function, such as the RMSE and MAE, can lead to misleading conclusions.
Therefore, the models used in this work are evaluated on the basis of a wide range of
different error metrics, such as the mean error (ME), root mean squared error (RMSE),
mean absolute error (MAE), root mean square error (MDE), median absolute error
(MDAE), mean absolute error relative to the mean of realizations (MAM), median
absolute error relative to the median of realizations (MDAMD), mean squared
logarithmic error (MSLE), Theil's U (U), bias proportion (UM), regression proportion
(UR), and disturbance proportion (UD).

Notably, the average of all the metrics is given at the bottom row of each table. By
averaging across all loss functions, the goal is to avoid possible misleading conclusions.
For example, LSTM for the BTC vyields competitive results for the MDAE, MDAMD
and UD loss functions but exhibits relatively poor performance in terms of several
other metrics, such as the RMSE, ME and MDE. However, the averaging method could
provide a robust, consistent and comprehensive evaluation of the forecasting models.
This holistic approach approximates the true predictive power of the models and
provides a more balanced evaluation.

4 To address potential concerns regarding sample selection bias and enhance the robustness of our findings, we compare
model performance under a 60%—40% training—test split with an alternative 80%—20% split as a subperiod robustness
check. The results remain consistent, with only minor variations. Notably, the 80%—-20% split, which excludes much of
the COVID-19 period from the test sample, yields slightly lower loss function values, which likely reflecting the reduced
impact of pandemic-induced volatility. Full results are available upon request.
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Table 4 shows the performance of different forecasting models for Bitcoin in terms
of the ML and TS approaches. Looking at the average of various loss functions (i.e.,
bottom row), it becomes evident that the time series models (TS), particularly HAR and
ARMA, tend to perform better overall than the ML models do. The average loss values
at the bottom indicate that the HAR model (average =0.876) performs the best among
all the models, followed closely by the ARMA model (average=0.896). Generally, these
traditional TS models outperform the ML models, with the best ML model being LSTM,
which has an average loss of 1.153.

The forecast averaging methods, both for the ML models (RNN_FC) and TS models
(TS_FC), also demonstrate strong performance, although the TS forecast combination
(TS_FC) shows a more consistent outcome (average=0.924) than the ML forecast
combination (RNN_FC, average=1.509). This finding indicates that while ML models
may achieve strong forecasting power in specific cases (e.g, LSTM and MEN),
traditional TS models, especially HAR and ARMA, exhibit more robust, reliable and
consistent forecasting performance for Bitcoin.

On the basis of Table 5, several noteworthy points can be inferred regarding the
performance of ML models versus traditional TS models for forecasting Ethereum
volatility on the basis of various loss functions. Considering the average of the loss
functions, traditional TS models again tend to perform better than ML models do.
Specifically, the HAR and ARMA models have the lowest values of the average row
(1.071 and 1.096, respectively), followed by simple AR (1.127). These results indicate
that, similar to the former Bitcoin analysis, traditional TS models also seem to be
more robust for Ethereum realized volatility forecasting. Unlike the former Bitcoin
analysis, the GFN model of the ML group has a competitive average of 1.630, making
it the best-performing ML model, followed by the MFN and LSTM models (1.680 and
1.789, respectively). However, even if both ML models for Ethereum achieve the lowest
forecast errors in the ML group of models, they still fall short compared with the worst-
performing TS models, such as ARFIMA (1.349) and AR (1.127).

Like Bitcoin and Ethereum, in the context of Litecoin (LTC) realized volatility
forecasting, traditional TS models consistently outperform the ML models in Table 6.
The ARMA model emerges as the top performer, showing the lowest error rates, with
an average of 1.853, indicating high forecasting accuracy. The HAR and AR models
also perform well, achieving relatively low average error values. Conversely, some ML
models, such as LSTM and MEN, exhibit promising performance for LTC, with the
lowest average performance values of 2.158 and 2.306, which are almost comparable to
those of the worst-performing TS models, such as the ARFIMA model. However, the
MLP model shows the highest average, indicating that for Litecoin, the gap between the
best and worst models’ average performance ratings is more explicit than it is for Bitcoin
and Ethereum.

Similar to the findings for the other three cryptocurrencies, Table 7 shows that
traditional TS models, especially HAR and ARMA, once again demonstrate their
reliability and consistency in forecasting XRP realized volatility. Among the ML models,
the LSTM performs well, whereas the MLP seems to be the worst-performing model
because of its high average criterion value. Interestingly, when average performance
across large-cap and medium-cap coins is compared, the gap between the best and worst
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models becomes more pronounced. This suggests that large-cap coins such as BTC and
ETH exhibit more predictable volatility patterns than medium-cap coins do (e.g., LTC
and XRP).

Following the approach of Hansen et al. (2011), Wang et al. (2016), and Liu et al. (2017),
we implement the Model Confidence Set (MCS) procedure at a 75% confidence level,
using the average across multiple loss functions (penultimate rows in the tables) to assess
the relative predictive performance of competing models. Models with p values above
0.25 are retained in the confidence set, and the best-performing models are highlighted
in bold. The results reveal that traditional time series models, particularly HAR and
ARMA models, are consistently retained in the MCS and dominate in terms of forecast
performance. Among machine learning models, only LSTM and MEN occasionally
appear in the confidence set, although with relatively weaker support. The tables reveal
that the MCS procedure penalizes machine learning models more stringently because
of their generally higher loss function values, leading to the exclusion of many ML
models from the superior set. Overall, the MCS test based on average loss confirms the
superiority of traditional time series models over most machine learning counterparts in
terms of forecasting the realized volatility of the four selected coins.

To enhance the interpretability of the detailed forecasting results presented in
Tables 4, 5, 6 and 7, we incorporate Fig. 5, which provides a clearer cross-model and
cross-asset comparison. The figure presents a bar chart of the average forecasting error
for each model across the four cryptocurrencies, calculated as the arithmetic mean of all
evaluation metrics. This confirms that traditional time series models, particularly HAR
and ARMA, consistently outperform their machine learning counterparts, especially for
large-cap coins such as Bitcoin and Ethereum. In contrast, the performance of the ML
models is more variable, with some models (e.g., MLP and RBEN) exhibiting substantial
error magnitudes, particularly for mid-cap assets such as Litecoin and Ripple.

The abovementioned results show that traditional TS models, specifically the HAR
and ARMA models, have robust predictive capabilities, likely because of their ability
to capture the multiscale dynamics inherent in cryptocurrency volatility data. On the
other hand, ML models exhibit poor forecasting performance, probably because they
struggle with overfitting and capture short-term volatility. However, the HAR model

Coin
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= ETH
- LTC
12 | = XRP

10

Average Error (across loss functions)

Model
Fig. 5 Average forecast error by model and cryptocurrency
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consists of daily, weekly, and monthly components to capture short-, middle- and long-
term volatility. Consequently, the HAR model seems to perform the best because of
its consistent outperformance in forecasting realized volatility, particularly compared
with ML models across different cryptocurrencies such as BTC, ETH, LTC, and XRP.
Therefore, this strong performance across multiple coins demonstrates the HAR model’s
suitability for financial volatility forecasting, making it an ideal choice for enhancing
predictive accuracy through the incorporation of additional exogenous variables such as
cross-cryptocurrency data.

Coin impact on cross-crypto volatility

While finding the best-suited volatility model for the cryptocurrency market is
important, the cryptocurrency market is generally characterized by extreme price
volatility, making it one of the most volatile assets. Given this unique feature of the
coin market, its cross-asset drivers are not well established and are thus mostly
ambiguous.” However, the cross-crypto relationship among cryptocurrency prices or
volatilities is a well-known fact. For this reason, instead of examining the cross-asset
volatility relationship of the cryptocurrency market because it does not have a solid
foundation, this study considers only cross-crypto volatility information to gain further
improvements in the forecasts of the best-performing HAR model.

Evaluating the coin impact on cross-crypto volatility, on the basis of the average of all
the metrics, reveals that certain cryptocurrencies have a more significant influence on
others when used as exogenous variables. Table 8 indicates that BTC'’s realized volatility
forecasting is largely unaffected by other coins, with the exception of ETH, which
improves BTC’s forecast accuracy by 5.25%. The average of all loss functions suggests
that BTC, compared with other coins, maintains more consistent volatility predictions
without relying on external crypto data. However, BTC improves the forecasting
accuracy of ETH by 1.21% and significantly increases XRP accuracy by 12.26%.

In the right panel of Table 8, ETH exhibits similar characteristics to those of BTC
in terms of the impact of cross-crypto volatility. Its forecasting performance remains
largely unchanged when other coins’ data are included, except for BTC, which provides
a modest improvement of 1.21%. However, ETH significantly improves the accuracy
of XRP’s realized volatility forecasting by 12.20%. Like BTC, ETH shows stability in its
own volatility forecasts, suggesting that it does not rely on external crypto information
for more accurate forecasting. This finding indicates that the realized volatility of ETH
behaves similarly to that of BTC, remaining consistent without the need for additional
coin data. The robustness of these results is further supported by the MCS procedure,
which confirms the stability of the ranking across different models.

According to Table 9, Litecoin’s cross-crypto forecasting performance shows that the
impacts of cross-crypto information are mixed, with the HAR-XRP model showing a
modest improvement (0.86%), whereas both HAR-BTC and HAR-ETH lead to slight

increases in error.

> Although some studies (Shahzad et al. 2019; Corbet et al. 2020; Liang et al. 2022; Wang et al. 2023c) suggest a number
of external factors that have a significant impact on forecasting cryptocurrency volatility, what drives the cryptocurrency
volatility is a quite new ongoing topic without solid foundation.
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Ripple, however, shows the most significant interdependence with other coins. This is
to say that XRP’s forecasting is slightly more sensitive than other coins are, experiencing
the largest percentage improvement from the cross-crypto information. The inclusion
of BTC, ETH, and LTC on an individual basis improves the forecasting power of the
baseline HAR model of the XRP by 12.26%, 12.20% and 11.71%, respectively. These
figures drawn from average loss measures are broadly supported by the MCS analysis.
Therefore, this might be evidence that XRP seems to be significantly influenced by the
cross-crypto data of large-cap coins, suggesting that Ripple may have a greater degree
of interconnectedness with larger cryptocurrencies in its realized volatility movements.
This interconnectedness could imply the potential for more predictive power when
large-cap cross-crypto data are utilized, especially for smaller coins such as XRP.

The HAR-KS model not only includes the standard model parameters but also
incorporates all cross-crypto coins as exogenous variables simultaneously. In this
regard, compared with the baseline HAR model, the HAR-KS model slightly reduces
the performance for BTC and ETH by 0.46% and 0.65%, respectively. This suggests that
including all cross-crypto information does not enhance the volatility forecasts of large-
cap coins. When non-large-cap coins are assessed, the HAR-KS model causes a 2.04%
decline in forecasting accuracy for LTCs compared with the HAR model. This suggests
that for LTC, incorporating cross-crypto volatilities slightly worsens the model’s
performance. However, XRP shows a significant improvement, with the forecasting
performance increasing by 11.36%. This infers that while cross-crypto volatilities do not
substantially improve (and may even slightly worsen) forecasting performance for large-
cap coins such as BTC and ETH, they can enhance volatility forecasts for smaller-cap
coins such as XRP.

Dynamic coin connectedness

Volatility forecasting exercises can improve the understanding of how the volatility of
one cryptocurrency may affect another, which indirectly measures spillovers. However,
this method typically focuses on predicting individual volatility rather than broader,
interconnected dynamics. For a more direct and system-wide understanding of volatility
spillovers, volatility connectedness analysis is generally more suitable, as it evaluates
how volatility propagates across multiple assets within a network, revealing a holistic
view of these relationships across the entire market. Therefore, this section conducts a

Table 10 Dynamic coin-connectedness table

RV_BTC RV_ETH RV_LTC RV_XRP FROM
RV_BTC 39.05 26.33 214 13.23 60.95
RV_ETH 2491 36.78 22.85 1546 63.22
RV_LTC 23.06 24.64 37.87 1442 62.13
RV_XRP 1642 18.24 15.8 49.54 50.46
TO 64.39 69.21 60.05 43.11 236.76
INC.OWN 103.44 105.99 97.92 92.65 cTCl/Tcl
NET 344 599 —208 —7.35 78.92/59.19
NPT 2 3 1 0

NETTO - FROM, NPT net pairwise transmission. (c) TC/ (Inc. own volatility) total connectedness index
The results are produced on the basis of a 200-day rolling-window VAR model with a 10-step-ahead forecast horizon
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volatility connectedness analysis to identify which coins influence others and which are
influenced from a systemic and comprehensive perspective.

The dynamic coin-connectedness table (Table 10) presents the results of a dynamic
VAR model estimated via the rolling-window equation-by-equation technique, which is
applied to the realized variance series of the BTC, ETH, LTC, and XRP. The "FROM"
column represents how much each coin’s realized variance is influenced by others,
whereas the "TO" row shows how much each coin influences other cryptocurrencies.

In Table 10, the total connectedness index (cTCI) including own influence is
78.92%, indicating a high level of interconnectedness among cryptocurrency assets,
whereas the TCI (connectedness excluding own influence) is slightly lower at 59.19%.
Figure 6 illustrates the total connectedness index (TCI) of BTCs, ETHs, LTCs, and
XRP from 2019 to 2023. The TCI reflects the extent of interdependence among these
cryptocurrencies’ realized volatilities over time. As shown, the TCI fluctuates between
40 and 80, with several notable peaks in early 2020, mid-2021, and late 2022. These
spikes indicate periods of greater cross-crypto connectedness, likely corresponding
to global market events or volatility shocks that impact all coins simultaneously. The
general trend suggests that cross-crypto connectedness is time-varying but tends to
remain relatively high, implying a significant degree of volatility spillover across the
major cryptocurrencies throughout this period.

In terms of the numbers in Table 10, BTC has a significant impact on others, with a
"TO" total percentage value of 64.39, whereas ETH has the highest overall impact, with
a total percentage value of 69.21. LTC and XRP coins exhibit slightly lower influence,
particularly XRP, with a "TO" of only 43.11. In terms of their "FROM" values, XRP is
relatively less influenced by external coins, with 50.46% of its variance explained
by external factors. On the other hand, BTC, ETH and LTC coins are relatively more
dependent on one another, with total percentages of “FROM” of 60.95, 63.22 and 62.13
and “TO” of 64.39, 69.21, and 60.05, respectively. Even if these “FROM” and “TO”
figures provide some related information regarding the spillover magnitude of coins,
they cannot determine whether a coin is a net volatility transmitter or net volatility
receiver. For this reason, NET statistics for coins must be analyzed for a more reliable
and balanced assessment.

The net total directional connectedness (NET) is determined by the difference
between the “TO” and “FROM” This metric reveals the overall influence of a series

1004

804

60
40
20

0

2019 2020 2021 2022 2023
Fig. 6 Total connectedness index of the selected coins
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Fig. 8 Pairwise connectedness indices (PCls)

within a given system. If NET is greater than 0, the influence of series i on other series is
greater than the influence others have on series i, identifying series i as a net transmitter
of shocks and a driver within the system. Conversely, if NET is less than 0, series i is
more influenced by others, making it a net receiver and driven by the system. According
to Table 10, BTC and ETH are net transmitters of volatility, with positive values of BTC
at 3.44 and ETH at 5.99. On the other hand, the LTC and XRP are net receivers, with
negative values of -2.08 and -7.35, respectively. These results are also illustrated in Fig. 7,
which underscores the dominant role that BTC and ETH play in transmitting volatility
across the crypto market. In contrast, XRP is the most driven coin by the system in
comparison to the other three coins.

Figure 8 shows the pairwise connectedness index (PCI) levels between different
pairs of cryptocurrencies over the period from 2019 to 2023, with values ranging from
0 to 100. Notably, the connectedness between BTC and ETH in the top-left panel
appears relatively high (average 78) throughout, suggesting that these two leading
cryptocurrencies exhibit stronger and more consistent interdependencies than those
in the other panels. Except for the BTC-ETH panel, a similar pattern observed across
all pairwise panels is that while the relationships fluctuate, there are noticeable periods
where one cryptocurrency dominates the volatility spillover to others. Notably, the
BTC-XRP (57), BTC-LTC (62), ETH-XRP (63), ETH-LTC (69) and LTC-XRP (51) pairs
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show significant ups and downs, especially during market turbulence, suggesting that
BTC and ETH coins often act as volatility leaders for LTC and XRP coins (inferred from
Figs. 7 and 8). Using the “ConnectednessApproach” package written by Gabauer and
Gabauer (2022) in R Studio, the network system in Fig. 9 is automatically plotted on the
basis of the results of the dynamic coin-connectedness table (Table 10). According to the
manual of this package, blue nodes represent volatility transmitters, whereas volatility
receivers are symbolized by yellow nodes. Consequently, this network graph highlights
the interconnected nature of the cryptocurrency market, with large-cap BTC and ETH
coins (i.e., blue-colored nodes) spreading stronger spillovers on the realized volatility of
mid-cap LTC and XRP coins (i.e., yellow nodes) at different times.

In general, all cryptocurrency pairs, particularly from early 2020 onward, exhibit rising
interconnectedness within the market, hinting at periods of greater volatility spillover
between these assets. This upward trend in pairwise volatility connectedness, which
coincides with the COVID-19 pandemic, diminished toward early 2021 as various
vaccines developed and countries began lifting different levels of lockdown restrictions

n_up

Fig. 9 Network connectedness graph for the four coins
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worldwide. A renewed surge in volatility interconnectedness emerges between
2022 and 2023, coinciding with extreme cross-market fluctuations largely driven by
macroeconomic factors such as rising interest rates, inflation, and the threat of a global
recession, along with significant crypto events such as the Terra (LUNA) collapse, the
Ethereum Merge, and the FTX collapse and trial. During this period, Bitcoin’s price
notably dropped below $20,000. These factors negatively impact high-risk assets such
as cryptocurrencies, leading to a market downturn. Many prominent cryptocurrencies,
including Bitcoin, experienced substantial declines throughout 2022. The overall high
levels of connectedness across pairs suggest that no single cryptocurrency operates in
isolation, with global market trends likely influencing the interconnectedness within the

cryptocurrency market.

Conclusion

Employing high-frequency cryptocurrency data, this study incorporates two distinct
methods, namely, volatility forecasting and volatility connectedness. The exercise of
volatility forecasting thoroughly evaluates the predictive performance of traditional time
series (TS) models and machine learning (ML) models for realized volatility forecasting
across four major cryptocurrencies: Bitcoin (BTC), Ethereum (ETH), Litecoin (LTC),
and Ripple (XRP). The results show that traditional TS models, particularly the HAR
and ARMA models, consistently outperform ML models in terms of predictive accuracy.
Owing to its ability to capture short-, medium-, and long-term volatility dynamics, the
HAR model has emerged as the best-performing model overall. Notably, ML models
such as LSTM and the GFN demonstrate competitive performance in specific instances
but often struggle with overfitting and capturing short-term volatility information. This
study also examines cross-crypto volatility impacts by adding exogenous variables to
the outperformer model. The inclusion of lagged realized volatility of BTC and ETH as
a predictor can improve forecasts, particularly for mid-cap cryptocurrencies such as
XRP. However, the forecasts of BTC and ETH realized volatility do not rely on external
crypto information for more accurate forecasting, which indicates stability in their own
volatility forecasts with similar volatility characteristics. This suggests that BTC and
ETH exhibit more predictable patterns than LTC and XRP do.

Following the exercise of volatility forecasting, the analysis of realized volatility
connectedness is conducted via the dynamic VAR model for a more direct and system-
wide understanding of volatility spillovers. The results show that the total cross-
crypto volatility connectedness seems to be quite high with time-varying features. In
addition, the high levels of pairwise coin-connectedness indicate that no single coin is
independent from global market trends, affecting the interconnectedness within the
cryptocurrency market. However, while large-cap coins such as BTC and ETH act as
volatility transmitters, mid-cap coins (e.g., XRP and LTC) appear as the main volatility
receivers, particularly during market turbulence. Notably, XRP is the most driven coin
by the system, making it more sensitive to cross-coin information than the other three
coins are.

While our asset-specific analysis demonstrates the superiority of traditional TS models
in this high-frequency setting, future research could explore the potential of panel-based
machine learning models. Recent works by Zhu et al. (2023) and Zhang et al. (2024)
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suggest that pooling data across multiple cryptocurrencies may mitigate overfitting
and enhance generalizability by capturing shared volatility structures. Such panel
frameworks could represent a promising extension to the current analysis, particularly
in improving the robustness of the ML model across different market conditions.

It is important to contextualize our results within the broader literature. While our
findings emphasize the robustness of HAR and ARMA models in high-frequency
environments, other studies (e.g., Koo & Kim 2024) have demonstrated that ML models,
especially deep learning architectures, can outperform traditional models under specific
conditions, such as low-frequency data, structural breaks, or highly nonlinear dynamics.
In high-frequency financial markets, however, ML models face challenges, including
noise amplification and model instability, which may counteract their theoretical
advantages in terms of flexibility. Thus, the relative performance of forecasting models
is highly context dependent and shaped by data granularity, volatility persistence, and
the forecast horizon. These findings hold significant importance for financial analysts,
cryptocurrency traders, risk managers, and market participants. By identifying that
traditional TS models (e.g., HAR and ARMA) outperform ML models in forecasting
realized volatility, this research offers valuable insights for enhancing predictive
accuracy, particularly in volatile cryptocurrency markets. Traders and investors can take
advantage of these outperforming models and the unique characteristics of large-cap
and mid-cap coins noted in this work to make informed decisions, improve portfolio
management, and mitigate risks associated with high volatility.
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