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ABSTRACT 
 

This thesis investigates volatility spillover effects in the cryptocurrency market by applying 

graph-based volatility forecasting models to a portfolio of Proof-of-Work (PoW) and Proof-of-

Stake (PoS) cryptocurrencies. Four models are developed and compared, HAR, GHAR, 

GNNHAR-1L, and GNNHAR-2L to address three core research questions: (1) Do volatility 

spillovers exist among cryptocurrencies? (2) Are these spillovers nonlinear? and (3) Do indirect 

(multi-hop) neighbors contribute meaningfully to volatility transmission? High-frequency price 

data sampled at 5-minute intervals over the 2023–2024 period is used to construct realized 

volatility measures, HAR-style lagged features, and dynamic graph structures estimated via 

rolling-window Graphical LASSO. Model performance is evaluated using the Model 

Confidence Set (MCS) procedure to ensure statistically robust comparisons. The empirical 

results show that GNNHAR-1L consistently outperforms both GHAR and GNNHAR-2L across 

all assets, providing strong evidence for the presence of nonlinear spillover effects. By contrast, 

incorporating second-hop neighbors in GNNHAR-2L does not yield significant forecasting 

improvements, indicating limited indirect spillover dynamics in this dense volatility network. 

Furthermore, no meaningful differences are observed between PoW (“brown”) and PoS 

(“green”) cryptocurrencies in terms of volatility transmission behavior. Instead, the analysis 

uncovers clear volatility-based clustering: assets with similar volatility levels exhibit stronger 

connections and more pronounced spillover linkages. These findings contribute to the growing 

literature on graph-based financial modeling and provide new insights into the structural and 

nonlinear nature of volatility interdependence in cryptocurrency markets. The study concludes 

with several directions for future research, including alternative graph-construction methods, 

multi-horizon volatility modeling, cross-market spillover analysis, and the integration of 

investor heterogeneity into network-based volatility frameworks. 
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1. INTRODUCTION 

The beginning of cryptocurrencies and DeFi 

The first cryptocurrency (Bitcoin) emerged in 2009 as a direct response to the 

vulnerabilities exposed during the 2008 global financial crisis (Nakamoto, 2008). The crisis, 

marked by the collapse of major financial institutions, constituted a breakdown of trust in 

centralized monetary systems (Scalera & and Dixon, 2016)(Zingales, 2011), simultaneously 

showing the need and creating a path for alternative financial mechanisms that could operate 

independently of traditional intermediaries to be born. Bitcoin (BTC), the first cryptocurrency, 

was introduced as a decentralized peer-to-peer digital currency, offering an innovative solution 

to the flaws inherent to centralized financial systems. Built on blockchain technology, BTC 

enabled secure transactions without the need for intermediaries, creating an environment of 

transparency, and decentralization. These key features are the foundation of a new financial 

concept independent from traditional institutions, DeFi.  

After Bitcoin's success, a wave of alternative cryptocurrencies (altcoins) like Ethereum, 

Litecoin among others emerged. These assets introduced new features, such as smart contracts 

and decentralized finance (DeFi) platforms, further expanding the market and attracting 

speculative interest (Krupa et al., 2021). This interest is in part due to the demonstrated extreme 

price volatility cryptocurrencies are prone to. (Chaim & Laurini, 2018) evidence that BTC is 

much more volatile than traditional financial assets stating that cryptocurrencies have a high 

unconditional volatility and are subject to large price swings. 

 (Bouri et al., 2019) discuss the “price explosivity” in BTC, reinforcing the idea of extreme 

fluctuations in cryptocurrency prices and co-explosivity while (Nekhili, 2020) emphasized 

BTC´s speculative trading nature and the role of speculators in the BTC’s futures market, 

concluding BTC market was (at least at the time) price inefficient. 

The relatively unregulated nature of cryptocurrency markets (Krupa et al., 2021) (Keidar 

& Blemus, 2018), coupled with hype cycles and media attention, can fuel speculative bubbles 

evidence by (Haykir & Yagli, 2022) (Ben Osman et al., 2024) (Chaim & Laurini, 2018). High-

profile events, such as regulatory decisions, hacking incidents, or endorsements by influential 

figures, have often triggered significant price fluctuations. China’s Crypto Ban (May-June 
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2021) contributed to a significant decline in BTC while in February 2021 Tesla’s Bitcoin 

purchase announcement pushed prices to over $50,000. 

Over time, institutional investors began participating in cryptocurrency markets, 

legitimizing them as an asset class. Products like cryptocurrency futures (first introduced for 

Bitcoin in late 2017 by Chicago Board Options Exchange (CBOE)), made it easier for 

institutions and investors to speculate on price movements, (Bouoiyour & Selmi, 2019) found 

that futures trading significantly drove up the price of Bitcoin immediately after the 

announcement day of the futures contracts while (Sebastião & Godinho, 2020) deemed CBOE 

BTC futures an effective hedging tool for hedging BTC at a daily horizon. 

The genesis and brief history of the crypto market presented above along with evidence of 

this market assets interconnections, (Gkillas et al., 2024) shows evidence of co-jumping 

behavior among cryptocurrencies while (Vardar et al., 2022) provides evidence for volatility 

transmission between 8 major cryptocurrencies and (Balcilar & Ozdemir, 2023) found evidence 

for the existence of spillover between 11 major cryptocurrencies both in bullish, bearish and 

mixed market conditions, are important to understand the motivations behind the objectives of 

this thesis, which are to further investigate spillover effects nature on the crypto market 

regarding distinct types of crypto assets. 

Spillover Effects 

One of the most intriguing phenomena in financial markets is the spillover effect, the idea 

that volatility in one asset or market can be transmitted to others. In traditional markets, 

volatility spillovers have been observed between commodities and equities markets (Naeem et 

al., 2023) and equity and foreign exchange markets (Warshaw, 2020), especially during periods 

of market stress.  

There is also evidence of the existence of spillover effects between the crypto market and 

other traditional financial markets, (Pacelli et al., 2025) highlights existence of spillover effects 

between crypto market along with global equity indexes from Europe, the United States, and 

China, (Mensi et al., 2023) evidences spillover between cryptocurrencies and CBOE 

uncertainty indices while (Hung, 2022) and (Akin et al., 2024) find volatility spillover between 

BTC and S&P500, gold and crude oil. 
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In the context of cryptocurrencies, which have been observed to operate within an 

interconnected ecosystem by (J. Liu et al., 2024), the authors show evidence of strong 

contemporaneous dependencies between cryptocurrencies and the importance of spillover 

effects modelling to understand the relationships between assets. Understanding these effects 

is essential for accurate risk modeling and for developing robust portfolio strategies. 

As for this thesis, it will focus on the underlying nature of the relationships between two 

distinct groups of cryptocurrencies which are going to be labelled “Brown” and “Green” 

cryptocurrencies. 

Distinction between Green and Brown Cryptocurrencies 

It is important to note that the cryptocurrencies used for this study were categorized into 

two distinct groups regarding energy consumption. The idea stems from (Wang et al., 2024) 

which does a similar distinction between cryptocurrencies with energy intensive validation 

mechanisms, labeled as “brown”, and cryptocurrencies less energy reliant, labeled as “green”. 

Prior studies suggest that these structural differences may influence market behavior, (Wang et 

al., 2024) found differences in jump behavior regarding the Energy Uncertainty Index (EUI) 

developed by (Dang et al., 2023), between the two groups of cryptocurrencies. 

 In the case of the present study, the first group is categorized for its reliance on energy 

intensive mining processes to validate transactions and maintain network security (Proof-of-

Work). 

Proof-of-Work (PoW) has miners competing to solve complex mathematical puzzles by 

using computational power, the miner to solve the problem first gets to add a new block of 

transactions to the blockchain. After the network verifies the solution is in fact correct, the 

miner is rewarded with new coins.  

The second group is composed of cryptocurrencies who are less energy-reliant in 

comparison to cryptocurrencies that use PoW as their validation method because they use 

Proof-of-Stake (PoS) or staking-based consensus blockchains.  

PoS does not require miners to solve complex puzzles using massive computational power. 

Instead, it selects validators to confirm transactions based on the amount of cryptocurrency they 

stake (lock up as collateral), rather than using energy-intensive mining. 
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Because of this, PoS or staking-based consensus blockchain cryptocurrencies are often 

perceived as “green” alternatives to PoW assets (“brown”). These differences in energy 

consumption can have significant implications in the way these two different groups of 

cryptocurrencies behave to changes in the market as evidenced by (Wang et al., 2024) and 

(Gualpa et al., 2023). Moreover, although (Milunovich, 2022) does not explicitly mention 

energy consumption as a factor influencing the market behavior or connectedness between these 

two groups of cryptocurrencies, it does highlight PoW cryptocurrencies appear to be more 

strongly connected within the network compared to PoS and, on average, PoW coins export 

more uncertainty to other cryptocurrencies (stronger volatility spillover effects). 

Although prior research has identified differences in the sensitivity of PoW (“brown”) and 

PoS (“green”) cryptocurrencies to macroeconomic uncertainty, no existing study examines 

whether these technological differences translate into distinct patterns of volatility spillover. 

The Green vs Brown distinction has therefore not yet been analyzed through a modern network-

based volatility model such as GHAR or GNNHAR. This constitutes a clear gap: despite 

growing policy and investor interest in the environmental footprint of cryptocurrencies, it 

remains unknown whether cleaner consensus mechanisms exhibit different contagion dynamics 

and whether they amplify or mitigate systemic volatility transmission. 

Motivated by this lack of evidence, the present study investigates whether these 

technological and energy-related characteristics influence how volatility spillovers propagate 

across the cryptocurrency ecosystem. 

Main Research Question 

The overarching research question guiding this thesis is: 

Do Brown (PoW) and Green (PoS) cryptocurrencies differ in how they transmit and 

receive volatility spillovers? 

Addressing this question first requires establishing the fundamental properties of spillover 

dynamics within the crypto market. Accordingly, the analysis focuses on three supporting 

research questions. 

Research Questions 
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RQ1 - Do volatility spillovers exist between cryptocurrencies? 

     Before assessing differences between Brown and Green assets, it is necessary to determine 

whether volatility transmission occurs at all, and whether incorporating information from 

neighboring assets improves forecasting performance relative to a univariate benchmark. 

RQ2 - Are volatility spillovers nonlinear? 

     If spillovers are present, the next step is to examine whether they follow a linear pattern or 

whether their intensity varies nonlinearly with market conditions, shock magnitude, or other 

contextual factors. 

RQ3 - Do indirect (multi hop) neighbors contribute to volatility transmission? 

Volatility shocks may propagate only through immediate connections or may spread more 

broadly across multiple steps in the network. Understanding the depth of propagation is 

essential for characterizing systemic interconnectedness. 

Modeling Strategy 

To address these research questions, four forecasting models are employed: 

 (1) the heterogeneous autoregressive model (HAR), 

 (2) the Graph HAR model (GHAR), 

 (3) a one-layer Graph Neural Network HAR (GNNHAR-1L), and 

 (4) a two-layer Graph Neural Network HAR (GNNHAR-2L). 

These models are compared in a structured manner that aligns directly with the research 

questions: 

 • The HAR vs GHAR comparison tests RQ1 by evaluating whether incorporating 

linear neighbor information yields improved forecasts. 

 • The GHAR vs GNNHAR-1L comparison addresses RQ2 by assessing whether 

nonlinear aggregation enhances predictive accuracy. 

 • The GNNHAR-1L vs GNNHAR-2L comparison informs RQ3 by testing whether 

expanding the receptive field to include indirect neighbors provides additional forecasting 

benefits. 

Evaluating model performance at the individual asset level further enables an investigation 

of whether spillover characteristics differ between Brown and Green cryptocurrencies. 
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Purpose of the Study 

By combining high-frequency realized volatility measures, time-varying network 

structures, and graph neural network-based forecasting models, this thesis aims to: 

(1) characterize the structure and nature of volatility spillovers in the cryptocurrency market; 

(2) determine the role of nonlinear and multi-hop transmission mechanisms; and 

(3) provide empirical evidence on whether Brown and Green cryptocurrencies exhibit different 

volatility spillover behaviors. 
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2. LITERATURE REVIEW 

WHAT HAS BEEN DONE 

 

In the last years, the study of cryptocurrency volatility has attracted considerable attention 

as the market continues to evolve with rapid technological and financial innovations. For this 

reason, (Ahmed et al., 2024) article, which analyses 164 other articles from some of the most 

well-regarded scientific journals, provides the understanding of what has lately been done in 

this field of study and what research gaps and improvements to current studies are still there to 

be made. 

(Ahmed et al., 2024) focused on 9 stylized facts, which were Volatility Clustering, 

Volatility Persistence, Asymmetric Volatility, Leverage effect, Volatility Spillover, Mean 

Reversion, Structural Breaks, Extreme Volatility and Tail Dependence. 

From these stylized facts and considering the research that has been done posterior to this 

article publication the focus of this thesis will be centered on the stylized fact known as 

Volatility Spillovers and their nature in the crypto market, which refers to the phenomenon 

where fluctuations in the volatility of one asset or market influence the volatility of another, 

often indicating the transmission of risk or information across financial entities, very little is 

known about its determinants in the crypto market such as news and investors sentiment, 

herding behavior and loss aversion. 

Despite the extensive documentation of stylized facts, (Ahmed et al., 2024) also identifies 

other substantial research gaps, particularly concerning the use of high frequency data and 

machine learning (ML) techniques. The integration of high frequency data and machine 

learning represents a promising frontier for cryptocurrency volatility research. High frequency 

data can reveal intraday patterns which could otherwise be smoothed out. When paired with 

ML models, this data can provide more accurate volatility forecasts, enhance risk management 

strategies, and uncover hidden drivers of market dynamics. Numerous studies such as (Peng et 

al., 2024)(Miura et al., 2019)(Mücher, 2022) have leveraged high frequency data to train Neural 

Networks based models and shown promising results. 

Moreover, the use of GNN to model the relationships between different cryptocurrencies 

and assets will also help us expand our current knowledge of volatility spillover between these 

assets. We will expand more about this part of our research gap in the upcoming subchapters. 
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 THE USE OF HIGH-FREQUENCY DATA IN REALIZED VOLATILITY MODELLING 

 

(Ahmed et al., 2024) alerts to a relative shortage of studies using high frequency data. 

The smoothness of the data (the use of daily or weekly data) can overshadow certain 

intricacies in the intraday dynamics of the assets (Arora, 2017) (Petukhina et al., 2021) 

(Bariviera et al., 2018). 

For this reason, the use of high frequency financial data has become foundational in the 

modelling of asset price volatility, especially through the concept of realized volatility 

(RV) (Yan & Yan, 2019) (Sheppard & Xu, 2019). 

Introduced by (Andersen et al., 2003) and (Barndorff-Nielsen & Shephard, 2002), 

realized volatility provides a non-parametric, consistent estimator of integrated volatility 

(which is unobservable) by summing high frequency squared returns. 

In contrast, while daily returns aggregate price changes over a 24-hour window and 

obscure the path of volatility within the day, high frequency returns capture intraday 

volatility bursts, market reactions to news, liquidity shifts, and short-lived contagion effects 

(Karam, 2018) (Ammar & Hellara, 2022). 

Consequently, RV provides a more responsive and granular representation of actual 

market activity and higher frequency temporal information, which in turn can materialize 

into improved forecasting ability (X. Zhang, 2022) (G. Liu et al., 2024). 

In the context of this study, the use of RV constructed from high frequency 5-min 

intervals data when working in the interconnected ecosystem that constitutes the crypto 

market (Balcilar & Ozdemir, 2023; Gkillas et al., 2024; J. Liu et al., 2024; Vardar et al., 

2022) is especially important in the context of graph neural networks (GNNs) for capturing 

the temporal dynamics of each asset’s volatility and leveraging information from cross-

asset spillovers across different horizons (daily, weekly, monthly) as shown by (C. Zhang 

et al., 2025a). And while not using graph neural networks, both (Zhao et al., 2024) and (Z. 

Xu et al., 2024) recorded improved results by combining GARCH models with a Neural 

Networks component in comparison to the models in isolation. 

The choice to use 5-min sampling intervals for computing RV lies in the balance 

between information quality and noise reduction. While valuable, high frequency data is 

also susceptible to microstructure noise (Z. Xu et al., 2024) (Z. M. Li et al., 2020).  

Microstructure noise refers to distortions in asset price data that arise not from 

fundamental market forces, but from the mechanics of how trades are executed in real 

world financial markets such as bid-ask bounces or latency and reporting delays. 
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These distortions are more heavily felt when working with very high frequencies (e.g. 

1-minute intervals) and can contaminate RV estimates in the form of spurious short-term 

fluctuations (random noise) (Z. M. Li et al., 2020). 

In order to strike the said balance, (L. Y. Liu et al., 2015) shows that a 5-minute interval 

provides a near optimal tradeoff where it retains sufficient intraday variability to 

approximate integrated volatility (IV) accurately, while mitigating the adverse effects of 

market microstructure distortions. 

To further add, the study of (C. Zhang et al., 2025a), which provides the foundation for 

this study’s methodology, also uses 5-min interval data to calculate daily RV.  

As a result, both the network topologies used in the HAR, GHAR and GNNHAR 

models, as well as the asset level input features, are derived from high frequency data. 
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 SPILLOVER EFFECTS 

 

The study of volatility spillovers has gained increasing attention in cryptocurrency 

research. Unlike traditional financial systems, which are mediated and regulated by centralized 

institutions, the cryptocurrency ecosystem is decentralized, has no close trading hours (24/7 

trading) and global investor participation (Makarov & Schoar, 2022), creating a unique 

environment where it becomes crucial to investigate, understand and model the relationships 

between the assets. In the case of this study, the information propagation in the form of volatility 

spillovers. 

In such a decentralized context, cryptocurrencies are often interlinked via trading platforms 

and shared protocols (e.g. DeFi) (Mensi, Gubareva, et al., 2024)(Mazor & Rottenstreich, 2024), 

which facilitate the transmission of shocks from one asset to another. For example, a sudden 

drop in the price of Bitcoin, typically regarded as a bellwether for the crypto market, can trigger 

correlated volatility responses across altcoins. (Alamaren et al., 2024) investigated the existence 

of volatility spillovers and pairwise connectedness between cryptocurrencies, energy and tech 

companies in the US market and found that Bitcoin acted as a net transmitter of volatility to 

other cryptocurrencies. 

(Moratis, 2021) concluded in its study that, out of the largest 30 cryptocurrencies by market 

cap, Bitcoin was the dominant volatility transmitter in the crypto market. Additionally, 

(Moratis, 2021) results showed market size (market cap) is not the sole driver of spillover 

importance as Ripple, the 3rd largest cryptocurrency by market cap at the time, acted as a net 

receiver.  

(Aslanidis et al., 2021) showed evidence of intensifying spillover effects among 

cryptocurrencies using PCA (Principal Component Analysis).  

These studies have all documented strong interdependencies in the volatility behavior of 

major and minor cryptocurrencies with Bitcoin and Ethereum often functioning in the role of 

volatility transmitters, while smaller tokens act as recipients. This phenomenon further 

motivates the development of models capable of capturing cross asset interactions and 

understanding the network nature of volatility in the crypto market. 

As a result, traditional univariate models such as ARCH (R. F. Engle, 1982), GARCH 

(Bollerslev, 1986) and HAR (Corsi, 2009) or pairwise modeling approaches like Diebold-

Yilmaz connectedness indices (Diebold & Yilmaz, 2009) may fail to detect the pathways 

through which information propagate.  
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Another widely used framework is the multivariate GARCH family, particularly the 

BEKK-GARCH (R. F. Engle & Kroner, 1995) and DCC-GARCH (R. Engle, 2002) models. 

These approaches allow for the modeling of time-varying conditional covariances and 

volatilities across multiple assets. By examining the dynamic evolution of the conditional 

covariance matrix, researchers can infer how volatility shocks in one market spillover into 

others.  

Although these models are statistically rigorous, they cannot capture indirect (multi hop) 

spillovers. Furthermore, BEKK and DCC-GARCH models capture spillover effects through 

linear combinations of past returns and volatilities. Their functional forms assume proportional 

and symmetric transmission, restricting the dynamics to linear relationships between assets. 

This creates a compelling argument for adopting network-based frameworks, such as the 

one used in this thesis, to better understand and forecast volatility in a highly connected digital 

asset landscape. 

THE USE OF GRAPH NEURAL NETWORKS 

 

As the complexity and interconnectedness of financial systems have increased (Raddant & 

Kenett, 2021), and as a consequence, traditional econometric models have struggled to scale 

and capture the nuanced nonlinear and multi hop dependencies that characterize modern asset 

networks (de la Concha et al., 2018). In response, recent literature has introduced graph based 

frameworks to model volatility spillovers, treating financial markets as structured systems 

where assets are nodes and spillover relationships are edges in a graph. 

One notable development in this direction is the Graph HAR (GHAR) model. In its study, 

(C. Zhang et al., 2025b) extended the traditional Heterogeneous Autoregressive (HAR) (Corsi, 

2009) model by incorporating graph based information into the forecasting equation. The 

GHAR model introduces a static adjacency matrix, derived from a precision (inverse 

covariance) matrix using Graphical Lasso (GLASSO), to represent the spillover network 

structure. Each asset’s realized volatility is forecasted not only based on its own past values, 

but also through a linear aggregation of its direct neighbors’ volatility features, allowing 

GHAR to model local, 1-hop spillover effects. 

However, while GHAR marks a significant advancement by introducing cross-sectional 

dependence into HAR, it remains limited to linear interactions and immediate (1-hop) 

neighbors. This restricts its ability to capture more complex dynamics such as nonlinear 
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volatility transmission and indirect spillovers that propagate through multi-step network 

pathways, which might incur in the loss of valuable information by the model. 

To overcome these limitations, recent studies have applied Graph Neural Networks 

(GNNs) to financial volatility forecasting. Building on the GHAR foundation, (C. Zhang et al., 

2025a) proposed the GNNHAR model, which integrates graph convolutional layers with HAR 

features to enable nonlinear transformation (GNNHAR-1L) and multi hop message passing 

across the asset graph (GNNHAR-2L). In this framework, the depth of the GNN determines 

the receptive field, a 1-layer GNNHAR captures direct neighbors, while a 2-layer GNNHAR 

incorporates 2-hop (indirect) neighbors, allowing for the modeling of volatility propagation 

through the network. 

Several studies employing graph based models show promising forecasting improvements 

compared to traditional such as the above mentioned GARCH. (Kumar et al., 2024) 

outperforms traditional methods like GARCH and MLP using Temporal GAT model for 

volatility forecasting, effectively capturing temporal dependencies and interdependencies 

between global market indices.  

(Son et al., 2023) outperformed multivariate GARCH using spatial-temporal GNN, 

attributed to the model’s ability to incorporate volatility spillover effects among eight of the 

biggest global market indices. 

(Zhou et al., 2025) achieved improvements in volatility forecasting by leveraging EMGNN 

(Explainable Multilayer GNN) model ability to capture multi-scale interactions and dynamic 

spillovers on cryptocurrency markets using a graph structure, compared to HAR, Gaussian 

process regression (GPR), Random Forest (RF), LightGBM and LSTM. 

(Brogaard, 2024) demonstrated GNN and GNN-attention outperformed other ML 

algorithms, including RF, Support Vector Machines (SVM), Gradient Boosting Decision Tress 

and even Convolutional Neural Networks (CNN) under the same training configurations, 

highlighting the importance of capturing inter-asset dependencies. 

By introducing SpotV2Net, a multivariate intraday spot volatility forecasting model based 

on a graph attention network architecture, (Brini & Toscano, 2024) results show that 

SpotV2Net yields more improvements in multi-step intraday volatility forecasting in 

comparison to HAR, XGB and LSTM models. Also, SpotV2Net outperformed SpotV2Net-NE 

(NE=no edge), demonstrating that multi step intraday volatility forecasting add value in 

comparison to just direct spillover via neighbors. 
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(Heß & Damasio, 2025) use ANN and CNN models to overcome the limitations of 

traditional methods about the evolution of the banking system market and technology driven 

changes. 

Taking into consideration the studies above mentioned and the fact (C. Zhang et al., 2025a) 

evidenced an improvement in the forecasting when employing GNNHAR models compared to 

GHAR, this thesis builds directly on the GNNHAR framework, applying it to the 

cryptocurrency market to investigate whether “green” and “brown” cryptoassets exhibit 

different spillover behaviors, and whether these behaviors are better captured through 

nonlinear modelling and multi hop network structures. 
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3. METHODOLOGY 

3.1  DATA OVERVIEW 

The dataset spans from January 1, 2023 to December 31, 2024, covering two full calendar 

years of high frequency cryptocurrency price data.  

The study period (2023-2024) was chosen to reflect a phase of market normalization 

following the extreme uncertainty and monetary interventions associated with the COVID-19 

pandemic (Lahmiri & Bekiros, 2020) (Asiri et al., 2023) (Ünlü & Bayram, 2024). This window 

captures the behavior of cryptocurrency markets under more stable macroeconomic conditions 

and after key structural events (e.g. Ethereum’s shift to PoS in 2022), providing a more 

consistent environment for analyzing cross asset volatility dynamics. Despite this, it is 

important to note an increase in uncertainty in the market as we got closer to the US presidential 

election in early November 2024, as it is shown in the RV graphs (Appendix J : Daily Realized 

volatility plots). 

The data was retrieved from the official Binance API, providing cryptocurrencies prices in 

Tether (USDT, a USD-pegged stablecoin) with a granularity of 5-min intervals. 

3.2 REALIZED VOLATILITY CONSTRUCTION 

To model and forecast the volatility of cryptocurrencies, this study employs daily realized 

volatility (RV) as the target variable. RV is a non-parametric estimate of the latent integrated 

volatility (IV) of an asset, constructed by aggregating squared high frequency intraday returns 

over a fixed interval. This approach was first formalized by (Andersen & Bollerslev, 1998)) 

and later expanded in econometric detail by (Barndorff-Nielsen & Shephard, 2002) and 

(Andersen et al., 2003).  

Let Pi,t
(m) denote the price of asset i at the m-th 5-min interval of day t. The realized volatility 

of asset i on day t is calculated as: 

𝑅𝑉𝑖,𝑡 =  ∑ (𝑙𝑜𝑔𝑃𝑖,𝑡
(𝑚)

− 𝑙𝑜𝑔𝑃𝑖,𝑡
(𝑚−1)

)2

𝑀

𝑚=1

          (1) 

 

where M is the total number of 5-min intervals in a trading day (for 24-hour crypto markets, 

M = 288). 
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The integrated variance over a day t is defined as: 

𝐼𝑉𝑡 =  ∫ 𝜎𝑠
2𝑑𝑠          

𝑡+1

𝑡

(2) 

where σs
2 is the instantaneous variance at time s. This is unobservable in practice. 

However, the quadratic variation of the log price process over a day can be consistently 

estimated using observed high frequency data, and under ideal conditions (e.g. no 

microstructure noise), this quadratic variation converges to the integrated variance as the 

sampling frequency increases (M→∞) (Andersen & Bollerslev, 1998) (Barndorff-Nielsen & 

Shephard, 2001). 

This convergence property provides a robust theoretical foundation for using RV as a proxy 

for the unobservable integrated variance (Barndorff-Nielsen & Shephard, 2001). Furthermore, 

(Andersen et al., 2003) validate the forecasting power of RV and introduce the HAR-RV 

framework. 

The use of log returns is preferred over simple returns in financial modeling due to several 

theoretical and practical advantages. They are additive over time, allowing for straightforward 

aggregation across periods. Log returns tend to exhibit a distribution that is closer to normality 

with the log transformation helping to reduce skewness and kurtosis, especially at high 

frequencies. Log returns are scale invariant, making them comparable across assets with 

different price levels and reflect continuous compounding, a foundational concept in financial 

mathematics. For these reasons and the fact (C. Zhang et al., 2025a), the paper which inspired 

this thesis methodology, uses log returns in the computation of realized volatility, this thesis 

uses log returns to ensure both statistical robustness and theoretical consistency. 

In the context of this study, the use of RV lagged values serves as the input features for the 

HAR, GHAR and GNNHAR models as they reflect the heterogeneous memory structure 

proposed by the HAR model (Corsi, 2009).  These lagged features help to avoid look-ahead 

bias, all rolling features are constructed as backward-looking averages, using only information 

available prior to the prediction day. This ensures that the model learns from historical patterns 

without incorporating any future data, maintaining causal validity and simulating realistic out-

of-sample forecasting conditions. 

These lagged features are computed separately for each cryptocurrency over three-time 

horizons (daily, weekly and monthly) and used to construct the node feature matrix Xt ∈ RN×3 
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in the forecasting models. The lagged RV is aggregated into daily (d), weekly (w), and monthly 

(m) components: 

𝑅𝑉𝑡−1
(𝑑)

=  
1

1
𝑅𝑉𝑡−1            (3) 

𝑅𝑉𝑡−1
(𝑤)

=  
1

7
∑ 𝑅𝑉𝑡−𝑖

7

𝑖=1

     (4) 

𝑅𝑉𝑡−1
(𝑚)

=  
1

30
∑ 𝑅𝑉𝑡−𝑖

30
𝑖=1  (5) 

These three components form the node feature matrix Xt ∈ RN×3 where each row xi,t = 

[𝑅𝑉𝑖,𝑡
(𝑑)

, 𝑅𝑉𝑖,𝑡
(𝑤)

, 𝑅𝑉𝑖,𝑡
(𝑚)

] on day t is the feature vector for cryptocurrency i and N is the number 

of cryptocurrencies (nodes).  

They represent volatility at different horizons and are designed to capture both short and 

long term memory effects in volatility dynamics (Corsi, 2009). This matrix is the input for the 

HAR, GHAR and GNNHAR models. 

3.3 GRAPH CONSTRUCTION USING GLASSO 

3.3.1 From Return Covariance to Graph Structure 

To capture the evolving nature of volatility spillovers between cryptocurrencies, this study 

employs a dynamic adjacency matrix constructed via a rolling Graphical Lasso (GLASSO) 

procedure. 

GLASSO was proposed by (Friedman et al., 2008), it estimates a sparse precision matrix 

(the inverse of the covariance matrix (Σ)) of asset returns. The key idea is that in a multivariate 

Gaussian framework, the off-diagonal elements of the precision matrix Θ =  Σ−1 correspond to 

conditional dependencies: if θi,j = 0, then assets i and j are conditionally independent given all 

other assets (they are not connected). 

The GLASSO estimator solves the following convex optimization problem: 

Θ̂ = arg min
Θ≻0

{𝑡𝑟(𝑆Θ) − logdet(Θ) + λ‖Θ‖1}      (6) 

where: 

• S is the empirical covariance matrix of the asset return series. 

• λ is a regularization parameter that controls sparsity via cross-validation. 
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• ∥Θ∥1 denotes the elementwise L1 norm. 

• Θ̂ is the estimated sparse precision matrix. 

The L1 penalty encourages many off-diagonal elements of Θ to be exactly zero, resulting in 

a sparse and interpretable graph. 

Nodes represent individual cryptocurrencies and edges represent conditional dependency 

relationships between their return series. These graphs form the backbone of the GHAR and 

GNNHAR models by encoding which assets may influence each other through volatility 

transmission. 

In the methodology proposed by (C. Zhang et al., 2025a) paper, these adjacency matrices 

are not constructed on a daily basis but rather updated at fixed intervals corresponding to the 

model's forecast windows. A new adjacency matrix is computed once per forecast window, 

which spans 22 trading days (approximately one calendar month of trading data as the markets 

close for the weekends). At the beginning of each forecast window referred to as the forecast 

anchor date (e.g. July 1, 2011), a single adjacency matrix is constructed and then reused across 

all samples (training, validation, and testing) within that forecast period. This design ensures 

temporal consistency in the graph structure. To estimate each adjacency matrix, the model uses 

a rolling historical window of daily log returns for all assets included in the universe.  

It is important to highlight some key differences between (C. Zhang et al., 2025a) and this 

thesis. For starters, in this thesis the adjacency matrices are estimated at a finer temporal 

resolution, using a sliding window approach. A new matrix is generated every day using a 

trailing window of fixed length (100 days). This leads to a larger set of time-varying adjacency 

matrices, capturing daily changes in the asset dependence structure rather than monthly, 

enabling better alignment with real market dynamics. (Jiang & Pu, 2023) highlights the 

advantages of using more regularly updated (finer-grain) temporal graphs although also 

emphasizing the importance of task-specific tuning, while (Javaheri et al., 2025) empirical 

results demonstrate that the use of more frequently updated graphs enhances the learning of 

dynamic relationships between financial assets, particularly in environments characterized by 

heavy-tailed data. 

These studies support the approach taken in this thesis, suggesting that updating graph 

structures on a daily basis provides finer temporal resolution, which is particularly valuable in 

highly volatile environments such as cryptocurrency markets.  
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The paper explicitly uses Graphical LASSO with Cross-Validation (GLASSO-CV) to 

automatically select the optimal regularization parameter λ. By default, our framework also 

uses Glasso-CV, which performs internal cross-validation over a grid of regularization 

parameters. 

Another key difference has to do with the use of backfilling, when GLASSO fails or returns 

unstable results (NaNs), (C. Zhang et al., 2025a) drops those estimations while in this thesis, a 

backfilling strategy is incorporated where if the estimation fails for a given day, the last valid 

adjacency matrix is reused. Although not quite the same, our idea stems from (Z. L. Li et al., 

2023), where the static graph is incorporated as an inductive bias during dynamic graph 

construction. This mechanism serves to stabilize the dynamic adjacency matrix by grounding it 

in long-term structural patterns. However, while their model falls back implicitly on a globally 

static structure, this thesis introduces a more adaptive solution: a backfilling strategy that reuses 

the most recently valid dynamically estimated adjacency matrix. Rather than reverting to an 

initial static baseline, our approach ensures that the fallback reflects more recent market 

conditions, thereby maintaining temporal continuity and preserving short-term dependencies. 

 This ensures continuity and avoids disruptions in downstream model training, particularly 

important when estimating hundreds of matrices over extended periods and adds practical 

robustness to graph based modelling in highly volatile environments like cryptocurrency 

markets. 

In regard to temporal alignment and reusability, (C. Zhang et al., 2025a) reuses the same 

matrix across all input samples in a given forecast window, regardless of whether they belong 

to training or testing sets. In our implementation, since a new matrix is computed for each day, 

the adjacency matrices are dynamically aligned to each input sample by matching the date of 

the input with the available adjacency matrix of that day based on estimation timestamp.  

3.3.2 From Precision Matrix to Adjacency Matrix 

Once the sparse precision matrix Θ̂ is obtained from equation 6, the adjacency matrix A for 

the financial graph is defined as: 

𝐴𝑖,𝑗 = {
 1 , 𝑖𝑓 Θ̂ ≠ 0 𝑎𝑛𝑑 𝑖 ≠ 𝑗 

0 , 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
          (7) 

This adjacency matrix encodes the direct conditional dependencies among the asset returns. 

The resulting graph is weighted and undirected, reflecting symmetric conditional dependencies. 
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3.4 GHAR AND GNNHAR MODELS 

To capture complex, nonlinear, and indirect spillover effects in cryptocurrency volatility, 

this study adopts the GNNHAR modelling framework introduced by (C. Zhang et al., 2025a). 

This framework integrates the Heterogeneous Autoregressive (HAR) structure (Corsi, 2009) 

with Graph Neural Networks (GNNs), enabling the model to learn from both the temporal 

dynamics of individual assets and the topological relationships defined by the financial 

network. 

The GNNHAR models extend the GHAR (C. Zhang et al., 2025b) formulation by enriching 

the graph-processing pathway. While GHAR employs a single graph convolutional layer whose 

output is linearly combined with a direct feature projection before applying a ReLU activation, 

GNNHAR-1L enhances this design by introducing an additional nonlinear transformation: a 

ReLU activation followed by a multilayer perceptron (MLP) applied to the graph-convolved 

features. This modification increases the model’s expressive capacity, enabling it to capture 

more complex and nonlinear patterns in the evolving asset network. 

 The depth of the GNN determines how far information can propagate through the network, 

thereby enabling a comparison between direct (1-hop) and indirect (multi hop) spillover effects. 

 

Figure 1 - GHAR and GNNHAR-1L access information from 1st hop neighbors while GNNHAR-2L 

additionally leverages information from 2nd hop (diagram provided by (C. Zhang et al., 2025a)) 
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3.4.1 GNNHAR-1L: Nonlinear Direct Spillover Modelling 

The GNNHAR-1L model incorporates a single graph convolutional layer, allowing each 

asset to aggregate and transform information from its direct (1-hop) neighbors. The core 

innovation compared to GHAR is the use of a nonlinear transformation after aggregation: 

𝐻(𝑙+1) = 𝑅𝑒𝐿𝑈 (𝑂−
1
2𝐴𝑂−

1
2𝐻(𝑙)𝚯 (𝑙))         (8) 

where: 

• A∈ RN×N is the adjacency matrix derived via GLASSO. 

• O ∈ RN×N is the degree matrix, with Oii=∑jAij. 

• H(l) is the node feature matrix at layer l (with H(0) =X, the HAR features). 

• Θ(l) is a trainable weight matrix within each graph convolutional layer. 

• ReLU is the nonlinear activation function. 

To ensure stable and unbiased information aggregation across nodes, the adjacency matrix 

is symmetrically normalized as 𝐴̂ = 𝑂−1/2𝐴𝑂−1/2. This normalization prevents high degree 

nodes (nodes with many neighbors) from dominating the aggregation process and ensures that 

features from all neighbors contribute proportionally. The use of normalized graph convolution 

improves both numerical stability and generalization, it is standard in modern GNN 

implementations (Kipf & Welling, 2017). 

This is followed by a linear layer mapping the hidden representation to the volatility 

forecast: 

𝑣𝑡̂ =  𝛼 + 𝑉𝑡−1𝛽 + 𝐻(1)𝑊(1) + b         (9) 

where: 

• H(1) is the output from the graph convolutional layer (neighbors' info), 

• W(1) is a learnable weight matrix applied after the GNN layers to map the final node 

embeddings. 

• 𝑉𝑡−1 is the linear combination of the asset’s own past volatility at different time scales 

(HAR component introduced (Corsi, 2009)). 
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𝑉𝑡−1𝛽 =  𝑅𝑉𝑡−1
(𝑑)

𝛽1 + 𝑅𝑉𝑡−1
(𝑤)

𝛽2 + 𝑅𝑉𝑡−1
(𝑚)

𝛽 3     (10) 

•  𝛼 and b are the bias terms, 𝛼 represents a global intercept term that adjusts the baseline 

level of predicted volatility across all assets, consistent with traditional HAR models 

while b is the bias term specific to the graph based component. 

While both GNNHAR-1L and GHAR operate on the same graph structure and 1-hop 

neighborhood, GNNHAR-1L introduces additional nonlinear transformations by applying a 

ReLU followed by an MLP to the graph-convolved features. In contrast, GHAR includes only 

a single ReLU after a linear combination of its components. As such, any improvement in 

forecasting accuracy by GNNHAR-1L likely stems from its enhanced capacity to model 

nonlinear spillover effects in asset volatility dynamics, thus supporting the presence of such 

effects in financial markets.  

 

Figure 2 - The replacement of linear neighborhood aggregation in GHAR for the GNN layer, which uses a graph 

convolutional layer with a nonlinear activation function by ReLU introduces nonlinearity into the spillover 

Additionally, unlike in most Graph Convolutional Networks (GCNs), which add self loops 

to the Adjacency matrix so that nodes can aggregate their own features alongside those of 

neighbors, (C. Zhang et al., 2025a) design explicitly omits self loops. 

The reason being the effect of a cryptocurrency's own past volatility is already modeled by 

the HAR component. The GNN only models spillovers (influence of the other assets), thus 

including self loops would blur the separation between own history effects and cross asset 

spillovers, making it harder to attribute performance improvements clearly. 
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3.4.2 GNNHAR-2L: Multi Hop Spillover Modelling 

The GNNHAR-2L model stacks two graph convolutional layers, which enables each node 

to aggregate information from its 2-hop neighbors (i.e. neighbors of neighbors). The recursive 

message passing structure is: 

𝐻(1) = 𝑅𝑒𝐿𝑈(𝐴̂𝑋𝚯(0))                   (11) 

𝐻(2) = 𝑅𝑒𝐿𝑈(𝐴̂𝐻(1)𝚯(1))                (12) 

𝑣𝑡̂ =  𝛼 + 𝑉𝑡−1𝛽 + 𝐻(2)𝑊(2) + b     (13) 

This setup allows for the incorporation of indirect volatility information that is not captured 

by direct connections alone. The second GNN layer increases the receptive field of each node, 

making it possible to detect multi hop spillovers that propagate through intermediate assets. 

3.4.3 Justification for Two Layers 

The choice to adopt a two layer GNN architecture (GNNHAR-2L) is both theoretically 

grounded and empirically supported. The design choice aligns with the objective of this study, 

which is to detect the presence or absence of indirect volatility spillovers across 

cryptocurrencies. Extending the model to two hops is a sufficient modification to test this 

hypothesis based on (C. Zhang et al., 2025a) results.  

Introducing additional layers (e.g. 3-hop propagation) is not necessary and can cause 

problems which lead to overfitting (In (C. Zhang et al., 2025a) study, GNNHAR-3L showed 

signs of over smoothing): 

• Parameter Explosion: Each additional layer introduces more learnable parameters (e.g. 

weight matrices Θ(l)), increasing model capacity. With limited data, this can cause the 

model to memorize rather than generalize, especially in time series forecasting where 

the number of training examples per asset is relatively small. (Lara-Benítez et al., 2021) 

addresses the risks of over-parameterization while reviewing various deep learning 

architectures for time series forecasting. In (Zaheer et al., 2023) study, the single layer 

RNN outperformed the CNN and LSTM models despite its reduced computational 

complexity, further demonstrating awareness of the risks that parameter explosion 

entails. 

• Over smoothing: With many layers, node representations tend to converge, becoming 

indistinguishable across the graph. (Rusch et al., 2023) provides a rigorous theoretical 
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framework for this issue, combining formal definitions and empirical evidence across 

multiple GNN architectures. (Wu et al., 2023) further emphasizes the necessity of 

controlling over smoothing to maintain performance in deep graph neural architectures. 

The paper specifically investigates deep GATs (Graph Attention Networks), contrasting 

them with GCNs (Graph Convolutional Network). 

• Vanishing Gradient and Nodes: As depth increases, GNNs can suffer from vanishing 

gradients, making it difficult to optimize lower layers effectively. (Chang & Lin, 2019) 

show that deep networks can fail due to vanishing gradients and nodes, which is highly 

relevant for understanding training difficulties in deep GNN models such as the 

GNNHAR-2L.  

(Arroyo et al., 2025) establish that standard GNN architectures, such as GCNs and 

GATs, can suffer from extreme gradient vanishing. (Arroyo et al., 2025) provides a 

rigorous theoretical explanation for why deeper GNNs fail to capture long-range 

dependencies (nodes which are several hops apart). In the context of modelling multi 

hop volatility spillovers in financial networks, this severely limits the GNN's ability to 

learn indirect dependency structures, a key objective of our study. 

• Noise Propagation: More layers mean more message passing steps. If the features or 

the graph structure contain noise, this noise is also propagated and amplified, degrading 

predictive performance. (Liang et al., 2025) experimental results show evidence that 

noise propagation in GNNs leads to degradation in predictive performance while (Qian 

et al., 2023) addresses the problems of label noise propagation. 

What this basically means is that, while adding more GNN layers increases the model's 

receptive field, it also introduces risks of overfitting and over smoothing mentioned above, 

especially in sparse financial graphs with limited training data. For this reason, the GNNHAR-

2L model hopefully strikes a balance between model complexity and predictive reliability, 

enabling the detection of multi hop spillovers without incurring the drawbacks associated with 

excessive depth. 

Moreover, empirical evidence from (C. Zhang et al., 2025a) further supports this choice. 

Their results show that adding a third GNN layer did not yield significant forecast 

improvements over the two layer version. 
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3.5 MODEL TRAINING SETUP 

3.5.1 Training Objective 

     The primary goal of the model training process is to learn the parameters that minimize the 

discrepancy between the predicted daily realized volatility and the actual daily realized 

volatility for each cryptocurrency over time. At each training step, the predicted volatility 

matrix 𝑉 ̂𝜖 ℝ𝑇×𝑁 is compared to the realized volatility target matrix 𝑉, and the loss is averaged 

across all entries to ensure balanced contribution from each cryptocurrency and time point. For 

this purpose, the Mean Squared Error (MSE), also used by (C. Zhang et al., 2025a) as a loss 

function, is adopted as the loss function across all models: 

𝐿𝑀𝑆𝐸 =  
1

𝑁.𝑇
∑  𝑁

𝑖=1 ∑ (𝑇
𝑡=1 𝑣𝑖,𝑡 − 𝑣𝑖,𝑡)2          (14) 

Where: 

• 𝑣𝑖,𝑡 is the observed realized volatility of asset i on day t. 

• 𝑣𝑖,𝑡 is the corresponding predicted value. 

• N is the number of assets (nodes). 

• T is the number of forecasted days. 

3.5.2 Training Design 

     The training procedure adopts a pooled panel learning setup, where model parameters are 

shared across all cryptocurrency nodes. Rather than training separate models for each asset, the 

architecture is trained jointly on the full panel of cryptocurrencies. This design enables the 

models to leverage cross-sectional information, facilitating the learning of generalized spillover 

dynamics. Adam optimizer was employed to optimize the model parameters.   

     In addition, this thesis adopts a cross-validation strategy to enhance robustness in 

hyperparameter selection. While GLASSO uses internal cross-validation to tune its 

regularization parameter λ, model hyperparameters such as learning rate, hidden dimension 

size, and dropout probability are also tuned using time-series cross-validation (TSCV). Unlike 

standard k-fold CV, which breaks temporal ordering, TSCV preserves causality by training on 

a rolling historical window and validating on subsequent periods (Bergmeir & Benítez, 2012). 

This ensures that hyperparameters are selected based on their out-of-sample forecasting 

performance, aligning with the temporal nature of financial data and avoiding look-ahead bias. 
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     In this study, hyperparameter selection is conducted using a five-fold Time Series Cross-

Validation (TSCV) procedure applied exclusively within the training portion of the dataset. The 

training sample is divided into five consecutive and non-overlapping folds, each representing a 

contiguous stretch of time. For each fold, the model is trained on an expanding historical 

window that accumulates all observations from the previous folds and is then validated on the 

immediately following fold. This ensures that, at every iteration, validation is performed strictly 

on future data relative to the training window, thereby preserving the temporal ordering 

essential in financial forecasting. 

     Crucially, the five validation folds replace the need for a separate validation set, as each fold 

acts as a pseudo-out-of-sample segment used exclusively for model selection. By evaluating 

hyperparameters across five different forecast exercises, each based on a different market 

regime within the training period, TSCV provides a robust estimate of generalization 

performance and reduces the risk of selecting models that overfit a particular subperiod. The 

final model is then re-estimated using the full training sample with the selected 

hyperparameters, and its performance is evaluated once on a held-out test set that is never used 

in the cross-validation procedure. 

     Figure 3 illustrates the structure of the five-fold Time Series Cross-Validation (TSCV) used 

in this study. Each fold expands the training window to include all previous observations while 

validating on the immediately following period. This expanding-window scheme mimics a real 

forecasting environment in which models are continuously updated as new data becomes 

available, ensuring that parameter selection reflects genuine out-of-sample predictive 

performance. 

Figure 3 - TSCV Folds 
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     In this thesis, the training design methodology from (C. Zhang et al., 2025a) was rigorously 

followed: we implemented the same model architectures, same MSE loss function and ADAM 

for weight optimization. 

     Despite the similarities to (C. Zhang et al., 2025a) methodology, this thesis implements a set 

of techniques in order to avoid overfitting problems related to models, particularly the more 

complex ones (GNNHAR-1L and GNNHAR-2L models).  

     This thesis training setup incorporates early stopping technique. Early stopping is a 

regularization technique in which training is halted when validation loss fails to improve for a 

predefined number of consecutive epochs (patience). (Hussein & Shareef, 2024) conduct 

experiments on CNN (Convolutional Neural Networks) to investigate the correlation between 

early stopping patience and the number of epochs in deep learning models. (Song et al., 2020) 

and (Bai et al., 2021) employ early stopping based strategies to mitigate noise label problems. 

     (M. Li et al., 2020) demonstrates that early stopping effectively mitigates overfitting in 

overparameterized neural networks. (M. Li et al., 2020) results also highlight the distance 

between the final and initial network weights as a critical factor in distinguishing between 

robust generalization and overfitting, an insight that aligns with the motivations behind early 

stopping heuristics and weight decay. 

     Taking these papers into consideration, it was decided to add an early stopping to our 

models.  

     Additionally, the use of dropout rate regularization helps mitigate the risk of overfitting in 

neural network models (Srivastava et al., 2014), this technique randomly sets a fraction of 

neuron activations to zero during training which prevents the co-adaptation of neurons and 

encourages the model to learn more robust and generalized patterns by not over relying on each 

other to detect patterns in the data. (Shu et al., 2022) investigate the application of dropout in 

Graph Neural Networks (GNNs), their theoretical and empirical analyses demonstrate that 

dropout, when properly designed, not only improves generalization performance but also 

effectively mitigates the over smoothing problem in GNNs, establishing dropout as a viable 

solution to the depth limitations imposed by over-smoothing in GNN architectures. (Yang et 

al., 2022) results also show that the dropout layer in their proposed Simplified Multilayer Graph 

Convolutional Networks with Dropout helps to effectively mitigate overfitting problem. 
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     Building on prior studies demonstrating the effectiveness of dropout in mitigating overfitting 

and improving generalization in GNNs, we incorporated dropout in our GNNHAR models. 

Dropout serves to control model complexity and enhance out-of-sample performance. Given 

the relatively limited temporal resolution and the nonlinear transformations introduced by graph 

convolutions, dropout helps prevent the model from memorizing noise or learning spurious 

correlations from the training data. 

3.5.3 Data Splitting Strategy 

     The dataset is partitioned using a fixed chronological split to preserve causality and avoid 

look-ahead bias. 

      Given the two-year sample spanning January 1st, 2023, to December 31st, 2024, the first 100 

days are allocated to the initial graph construction window required for dynamic GLASSO-

based adjacency estimation. The remaining 630 days constitute the forecasting sample used for 

model training, cross-validation, and testing. 

Within this 630-day forecasting sample, the data is divided into: 

• Training + Cross-Validation segment: 535 days (~85%) 

• Test segment: 95 days (~15%) 

     Importantly, no separate validation set is used, because hyperparameter tuning is performed 

through a five-fold TSCV procedure applied entirely within the 535-day training segment. Each 

fold expands the training window and validates on the next chronological block, providing 

multiple pseudo-out-of-sample evaluations. This makes a dedicated validation split 

unnecessary, as the TSCV folds collectively serve as the validation mechanism. 

This structure ensures that: 

• The model is trained on a sufficiently large historical window. 

• Hyperparameters are selected using TSCV, which yields a robust estimate of 

generalization performance across multiple market conditions. 

• Final performance is evaluated once on the 95-day held-out test set, which is never used 

during model selection. 
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     Additionally, a rolling window structure is implemented for dynamic adjacency matrix 

construction, with new graphs estimated every day using a 100-day lookback window of log 

returns. This hybrid setup allows the modeling framework to incorporate evolving dependency 

structures while maintaining strict out-of-sample integrity during training, validation, and 

testing. 

3.6 MODEL COMPARISON STRATEGY USING MODEL CONFIDENCE SET (MCS) 

     The final stage of the methodology involves evaluating and comparing the predictive 

performance of the four volatility forecasting models: HAR, GHAR, GNNHAR-1L, and 

GNNHAR-2L. The comparison is designed to empirically test the study’s three main research 

hypotheses regarding the nature of volatility spillovers in the cryptocurrency market. 

HAR vs GHAR - Testing for the existence of Spillover Effects 

     This comparison helps us understand if spillover effects exist between assets by having the 

GHAR model capturing potential cross-sectional dependencies from direct neighbors that the 

HAR ignores. Therefore, any consistent improvement in predictive performance by GHAR over 

HAR suggests that the inter-asset relationships between cryptocurrencies’ volatilities can 

contain relevant information for modelling volatility spillover effects.  

GHAR vs GNNHAR-1L - Testing for Nonlinear Spillover Effects 

     This comparison isolates the effect of introducing nonlinear aggregation in modeling 

volatility spillovers. Both models use the same graph structure and only consider direct 

neighbors (1-hop connections), but: 

• GHAR applies linear aggregation of neighbor information, 

• GNNHAR-1L uses a graph convolutional layer followed by a nonlinear ReLU 

activation. 

     Any consistent improvement in predictive accuracy by GNNHAR-1L over GHAR indicates 

that the relationship between cryptocurrencies’ volatilities is nonlinear in nature, validating the 

use of neural architectures to capture spillover dynamics. 
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GNNHAR-1L vs GNNHAR-2L - Testing for Multi Hop (Indirect) Spillover Effects 

     This comparison investigates whether indirect (multi hop) neighbors play a significant role 

in volatility transmission. Both models: 

• Use identical HAR features, adjacency matrices, and training setup, 

• Apply nonlinear graph based aggregation (GNN layers). 

     However, only GNNHAR-2L aggregates information from 2-hop neighbors, while 

GNNHAR-1L is restricted to 1-hop interactions. Thus, performance gains observed in 

GNNHAR-2L would indicate that volatility spillovers propagate through intermediate 

cryptocurrencies, and that modeling such indirect dependencies improves forecast accuracy. 

     To ensure that model comparison results are not influenced by sampling variability or 

overinterpreted based on small differences in forecasting error, we implement the Model 

Confidence Set (MCS) procedure developed by (Hansen et al., 2011). The MCS framework 

provides a statistically grounded method for identifying the set of models that are not 

significantly inferior to the best performing model in terms of predictive accuracy, at a given 

confidence level (e.g. 90%). 

     Rather than selecting the single “best” model, MCS returns a confidence set of models that 

cannot be rejected as being equally good, based on the out-of-sample loss distributions. 

     By applying MCS separately for each cryptocurrency, we can statistically identify which 

assets exhibit the existence of spillover effects (via GHAR outperforming HAR), which exhibit 

nonlinear spillover behavior (via GNNHAR-1L outperforming GHAR), which benefit from 

modeling multi hop volatility transmission (via GNNHAR-2L outperforming GNNHAR-1L) 

and if there is evidence of difference in behavior regarding the cryptocurrencies “green” or 

“brown” nature. 
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4. EMPIRICAL ANALYSIS AND DISCUSSION 

4.1 SUMMARY OF CRYPTOASSETS DATA STATISTICS 

     Before proceeding to model estimation and volatility forecasting, it is essential to provide a 

statistical overview of the dataset used in this study. The focus lies on the daily log returns of 

the selected cryptocurrencies, spanning the period from January 1st, 2023 to December 31st, 

2024, covering two full years of market activity. This analysis helps uncover key distributional 

characteristics such as volatility, asymmetry, and tail behavior, which are relevant for 

understanding model performance and volatility spillover dynamics. 

     A total of 23 cryptocurrencies were included in the analysis, categorized into: 

• Proof-of-Work (PoW) assets (BTC, DOGE, BCH, LTC, ETC, ZEC, CFX, CKB, SC, 

RVN) 

• Proof-of-Stake (PoS) and stake-based assets (ETH, SOL, ADA, ALGO, INJ, XTZ, 

EGLD, MINA, CELO, BNB, AVAX, DOT, TRX) 

For each asset, we compute the following summary statistics of their daily log return series: 

• Mean: The average daily return, which provides insight into overall drift behavior. 

• Standard Deviation: A proxy for daily return volatility. 

• Skewness: Measures the asymmetry of the log return distribution, a positive skew 

implies a longer right tail, negative skew a longer left tail. 

• Kurtosis: Captures the fat-tailedness of the distribution, values greater than 3 suggest 

heavy tails implying a higher likelihood of extreme returns compared to the normal 

distribution. 

     These statistics are important because cryptocurrencies are known to exhibit non normal 

return characteristics, such as excess kurtosis (fat tails) and non zero skewness, which make 

volatility modeling both challenging and necessary (Karagiorgis et al., 2024) (Brini & Lenz, 

2024). 

MEAN INSIGHTS 

     The mean daily log returns are interpreted here as indicators of average directional drift over 

the sample period. These values reflect long-run tendencies and should not be understood as 
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implying a smooth upward trajectory, since daily returns remain highly volatile and subject to 

frequent fluctuations. 

     Within the sample, SOL has the highest average daily log return (0.004125), followed by 

INJ (0.003767) and BTC (0.002416).  

     By contrast, EGLD and MINA exhibit mean daily log returns that are close to zero (0.000067 

and 0.000459, respectively), suggesting limited directional momentum over the sample period.  

     In summary, the cross sectional average of daily returns is positive, indicating a broadly 

bullish tendency in the sample period. 

STANDARD DEVIATION INSIGHTS 

     The standard deviation of daily log returns is used here as a proxy for short-term volatility. 

Reported values correspond to average daily log return standard deviations over the sample and 

thus reflect average conditions rather than constant risk levels. Among the 23 cryptocurrencies, 

CFX and CKB exhibit the highest volatility (0.076114 and 0.064868). Other relatively volatile 

assets include INJ, MINA, and CELO, each with standard deviations above 0.05. Interestingly, 

INJ, which also exhibited one of the highest average returns, combines high average return with 

elevated volatility.  

     At the other end, the least volatile assets in the sample are predominantly large cap coins. 

BTC and BNB display the lowest standard deviations at 0.025277 and 0.027012, respectively, 

followed by ETH at 0.029301. Their lower variability is consistent with greater market depth 

and liquidity (Forino & Morelli, 2024). It is also relevant to note that age and market cap do 

play a role in the cryptoassets price variation although the direction of this influence is highly 

varied across the market and not a universal rule that older, higher market cap assets are less 

volatile (Pessa et al., 2023). 



32 
 

     In conclusion, CFX, CKB, and INJ represent the most volatile assets in the sample while 

BTC, BNB, and ETH remain relatively stable, highlighting their role as anchors, specially BTC, 

in the broader crypto ecosystem (Drożdż et al., 2020). 

SKEWNESS INSIGHTS 

     Skewness measures the asymmetry of the return distribution’s tails and indicates whether 

extreme outcomes tend to be positive or negative. In the crypto market, where explosive rallies 

and abrupt crashes occur (Haykir & Yagli, 2022)(Hall & Jasiak, 2024)(Ben Osman et al., 

2024)(Chaim & Laurini, 2018), skewness offers complementary information to volatility about 

the direction of tail risk. 

     In our sample, most assets exhibit positive skewness, suggesting a greater propensity for 

extreme upward returns than downward ones. Assets such as CFX (1.895) and BCH (2.265), 

display right-tailed asymmetry, a pattern consistent with occasional episodes of speculative 

enthusiasm (Grobys & Junttila, 2021). 

     Additional assets with prominently positive skew include CKB (1.380), MINA (1.221) and 

XTZ (1.150).  

     Conversely, a few assets show moderate to strong negative skewness, with SC being the 

only asset with a negative skewness value of -1.813, indicating that extreme negative returns 

have been more prevalent over the sample period and evidenced by this asset’s log returns 

distribution histogram. Notably, most large cap coins such as BTC (0.458) and ETH (0.456) 

display mild positive skewness, suggesting only a slight tendency toward positive extremes. 

Figure 4 - Sum of Daily RV for each Cryptoasset 
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     An outlier in the dataset is TRON (TRX), with an extreme skewness of 8.621. This was due 

to a very steep increase in price in the last 2 months of 2024. 

     Overall, skewness in this dataset is predominantly positive, indicating that when extremes 

occur, they more often take the form of large upward moves, with exceptions like SC exhibiting 

elevated downside tail risk. These asymmetries matter for risk measurement and for interpreting 

spillovers, since the direction of tail events can condition how shocks propagate across the 

network. (Abdulrahman Abubakar et al., 2024) and (Q. Xu et al., 2021) provide empirical 

evidence that tail dependence significantly shapes risk spillover dynamics across 

cryptocurrencies, particularly during extreme market conditions. 

KURTOSIS INSIGHTS 

     Kurtosis measures the "tailedness" of a distribution, or the propensity for extreme outcomes. 

In financial contexts, high kurtosis indicates a greater likelihood of large deviations, both 

positive and negative, implying elevated tail risk. This is particularly relevant in cryptocurrency 

markets, where sharp price shocks are common (Hall & Jasiak, 2024)(Haykir & Yagli, 

2022)(Gkillas & Katsiampa, 2018). 

     Within the sample, TRX stands out as a clear outlier, with an excess kurtosis value of 185.65 

due to the already mentioned price increase recorded at the end of 2024. Several other assets 

also display excess kurtosis, albeit to a lesser extent. These include SC, BCH, XTZ, MINA, 

CFX, and CELO, all with excess kurtosis values exceeding 7. 

     By contrast, a few assets exhibit relatively lower excess kurtosis, such as INJ (1.15) and 

AVAX and SOL (near 2.5). These distributions, while still leptokurtic, are closer to normality 

and therefore imply fewer extreme tail events compared to the broader sample. Meanwhile, 

BTC (2.35) and ETH (3.57) show moderate excess kurtosis. To consult each value referenced 

above regarding Mean, Standard Deviation, Skewness and Kurtosis go to Appendix I : Daily 

Log returns Distribuition Statistics. 
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Brown vs. Green Return Distribution Characteristics 

     To explore whether the structural differences between Brown and Green cryptocurrencies 

translate into distinct statistical behaviors in daily returns, independent samples t-tests were 

conducted comparing the two groups across four descriptive moments: mean, standard 

deviation, skewness, and kurtosis. 

     The results of these tests are summarized below: 

Tabel 1 - t statistics between Brown and Green Cryptos 

Metric t-statistic p-value Conclusion 

Mean -0. 0833 0.9344 No significant 
difference 

Std Deviation 0.8376 0.4163 No significant 
difference 

Skewness -0.8651 0.3981 No significant 
difference 

Kurtosis -0.7622 0.4601 No significant 
difference 

 

Figure 5 - Skewness vs Kurtosis Scatter Plot Figure 6 - Skewness vs Kurtosis Scatter Plot excluding TRX 
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     Despite meaningful differences in consensus mechanisms and energy usage, the results 

indicate that Brown and Green assets exhibit no statistically significant differences in their daily 

log return distributions over the period 2023-2024. Specifically: 

• Mean Returns: Both groups yield comparable average daily returns. The very small t-

statistics and p-value near 1.0 indicate no statistically significant difference. 

• Volatility: While Brown assets display slightly higher standard deviation, the difference 

is not statistically significant.  

• Skewness: Green assets exhibit, on average, higher right-skewed behavior, but the 

difference is not statistically significant. 

• Kurtosis: Though Green assets show higher average kurtosis (indicating heavier tails), 

this difference is also not statistically significant. 

     These results are relevant for evaluating volatility transmission dynamics, as the absence of 

statistically significant differences in mean, volatility, skewness, and kurtosis between Brown 

and Green assets indicates that spillover patterns are unlikely to be driven by baseline return 

distribution characteristics, but rather by the structure of network interconnections. 

Figure 7 - Boxplots for Distributional Characteristics of Brown and Green Cryptoassets 
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     In addition, the histograms of log returns for each cryptoasset (Appendix D : Cryptoassets 

Log return distribuitions histograms) highlight how the distributions are more sharply peaked 

at the center and display fatter tails than the normal benchmark, indicating a leptokurtic 

structure. This implies that while most returns cluster tightly around zero, extreme fluctuations 

occur with greater likelihood than under Gaussian assumptions. 

     This pattern is reinforced by the QQ plots (Appendix E : Cryptoassets Log return Q-Q Plots), 

violin plots (Appendix F : Cryptoassets Log return VIOLIN Plots), and ECDFs (Appendix G : 

Cryptoassets Log return ECDF Plots), which confirm the same behavior: greater probability 

mass near the mean and heavier tails on both sides. 

     Overall, since these distributional characteristics do not differ systematically between the 

two categories, they cannot be accounted for variations in spillover patterns. Accordingly, any 

observed differences in volatility transmission are more plausibly explained by the structure of 

network interconnections rather than by baseline return distributions. 

4.2  FORECASTING RESULTS 

     This section presents the out-of-sample forecasting performance of the four competing 

models: HAR, GHAR, GNNHAR-1L, and GNNHAR-2L, evaluated over a fixed test window 

following the training and validation periods. The objective is to assess how well each model 

predicts daily realized volatility for each cryptocurrency in the dataset, and to investigate the 

empirical implications for nonlinear and multi hop spillover effects. 

     Similarly to the training and validation phase, the evaluation metric used is the MSE between 

the predicted and actual daily realized volatility values. For each asset i and time point t in the 

test set: 

𝑀𝑆𝐸𝑖 =  
1

𝑇
∑(

𝑇

𝑡=1

𝑣𝑖,𝑡 − 𝑣𝑖,𝑡)2 

     The average test MSE for each asset for each model is reported in Table 2, 3 and 4 below: 
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Tabel 2 - Low Volatility Assets MSE 

Low Volatility Assets  10-3  

Asset HAR GHAR GNNHAR-
1L 

GNNHAR-
2L 

BTC 1.49 1.31 1.03 1.09 
ETH 1.63 1.36 1.11 1.18 
LTC 1.72 1.51 1.21 1.27 
BCH 1.81 1.58 1.19 1.25 

DOGE 1.97 1.63 1.34 1.41 
ETC 2.12 1.73 1.41 1.49 

 

Tabel 3 - Medium Volatility Assets MSE 

Medium Volatility Assets 10-3  

Asset HAR GHAR GNNHAR-
1L 

GNNHAR-
2L 

ADA 2.52 2.18 1.68 1.76 
DOT 2.66 2.29 1.77 1.85 
BNB 2.55 2.22 1.70 1.82 
SOL 2.91 2.53 1.95 2.03 

ALGO 2.71 2.32 1.83 1.91 
AVAX 3.05 2.58 1.98 2.11 
CELO 2.79 2.43 1.87 1.96 
EGLD 2.84 2.46 1.91 1.99 

INJ 2.73 2.37 1.84 1.93 
XTZ 2.59 2.27 1.75 1.83 
RVN 3.03 2.55 2.02 2.12 
ZEC 3.15 2.72 2.09 2.20 

 

Tabel 4 - High Volatility Assets MSE  

High Volatility Assets  10-3 
 

Asset HAR GHAR GNNHAR-
1L 

GNNHAR-
2L 

CFX 5.02 4.96 4.69 4.77 
CKB 4.61 4.59 4.44 4.51 
SC 4.83 4.89 4.64 4.71 

MINA 5.21 5.16 4.92 4.98 
TRX 4.57 4.54 4.33 4.39 
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    A detailed comparison of MSE by asset reveals heterogeneous model performance across 

cryptocurrencies. 

     The key finding of the forecasting experiment is that the GNNHAR-1L model outperformed 

both HAR, GHAR and GNNHAR-2L across all cryptocurrencies in the dataset. This result held 

true for both brown and green assets, providing evidence that incorporating nonlinear 

aggregation of neighborhood volatility features through graph convolution improves predictive 

accuracy. 

     The superior performance of GNNHAR-1L relative to GHAR provides empirical evidence 

in favor of the presence of nonlinear volatility spillover effects in the crypto market. While both 

models rely on the same graph structure and 1-hop neighbors, only GNNHAR-1L applies a 

nonlinear transformation (via ReLU) to the aggregated inputs, enabling it to model nonlinear 

relationships in volatility transmission across assets. These nonlinearities may reflect context-

specific market dynamics, such as herding behavior (Nguyen et al., 2025), fear of missing out 

(FOMO) (Friederich et al., 2024)(Wang et al., 2023), asymmetric volatility effects (Karim et 

al., 2024)(Baur & Dimpfl, 2018) and other sentiment-driven shifts that are frequently observed 

in cryptocurrency markets. 

     These results are in line with the findings of (Zhou et al., 2025) and (C. Zhang et al., 2025a), 

which demonstrate improved volatility forecasting accuracy when nonlinear spillover effects 

are explicitly modeled using graph neural networks. 

     Regarding multi hop information transmission, GNNHAR-2L did not outperform 

GNNHAR-1L, suggesting that the inclusion of indirect (2-hop) neighbors did not provide 

Figure 8 – Out of Sample MSE by Model and Cryptoasset 
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additional forecasting benefits under the current model configuration. The weaker performance 

of GNNHAR-2L relative to GNNHAR-1L can be attributed to the high density of 

interconnections within the cryptomarket volatility network. (Nguyen et al., 2023)(Poddar et 

al., 2023) and (Yi et al., 2018) provide evidence of the highly interconnected nature of the 

cryptocurrency market, with the latter two studies also documenting its intensifying 

interconnectedness over time. 

     These findings are consistent with the network structures obtained from our Gephi analysis, 

which excluding a handful of isolates, most assets exhibit high closeness and eigenvector 

centrality, low betweenness centrality, and large numbers of triangles. The combination of low 

betweenness with high closeness and triangle counts indicates that no single asset acts as a 

critical bridge for information flow Appendix H : Centrality and Connectivity Metrics. Instead, 

assets are densely interlinked through multiple overlapping pathways, allowing volatility 

shocks to propagate rapidly across the network. Taken together, both the literature and our 

empirical results corroborate the view of a densely connected crypto volatility network. 

Figure 9 - Network Visualization of Pairwise Correlations in Daily Realized Volatility 
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     This helps explain why the GNNHAR-2L model not only failed to improve predictive 

performance over GNNHAR-1L, but also showed signs of overfitting and over smoothing, as 

repeated aggregation across an already dense network can dilute asset-specific signals. 

     Furthermore, when it comes to Brown vs Green comparison, since GNNHAR-1L 

consistently achieved the best performance across assets, no systematic differences in model 

performance were observed between Brown and Green cryptocurrencies. This suggests that, 

over the 2023-2024 sample period, the structural differences in energy usage and consensus 

mechanisms did not translate into differences in the nature of volatility spillovers, or at least 

not in a way that affected model forecasting performance. 

Brown and Green Only Universes 

     Beyond asset level model comparisons, additional sensitivity analyses were conducted to 

evaluate whether Brown (PoW) and Green (PoS) cryptocurrencies exhibit different 

dependencies on cross-group volatility spillovers. This analysis isolates each group by re-

estimating the GNNHAR-1L model (best performing model) on two restricted universes: one 

containing only Brown assets and their induced subgraph, and one containing only Green assets. 

The forecasting performance of these restricted models is compared to that of the full-sample 

GNNHAR-1L model, which incorporates both groups simultaneously. 

     The results of this experiment reveal that removing the opposite group leads to a similar 

deterioration in forecasting accuracy for both Brown and Green assets at the aggregate level. 

When the model is restricted to Brown-only cryptocurrencies, the average out-of-sample MSE 

for Brown assets increases by approximately 6.99 % relative to the full model. A similar pattern 

emerges for the Green-only specification: excluding Brown assets raises the average MSE for 

Green cryptocurrencies by 8.21%. Thus, in terms of overall forecast performance, both groups 

undergo a comparable loss in accuracy, with only marginal differences between them when 

cross-group spillovers are removed. 

     However, the impact is not uniform across assets within each group. A cluster-level 

breakdown shows that the more connected low and medium volatility clusters (core and 

amplifier assets) exhibit the most pronounced deterioration when the opposite group is 

removed. For these coins, the MSE typically increases by around 8-12%, indicating that they 

benefit strongly from cross-group information. By contrast, the peripheral high volatility assets, 

which are weaker integrated into the network, display a noticeably smaller deterioration, with 
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MSE increases generally in the 3-6% range. This pattern is consistent for both Brown and Green 

cryptocurrencies and aligns with the earlier finding that network-based nonlinear modeling 

yields the largest gains for highly connected assets, while isolated, idiosyncratic coins derive 

more limited benefits from spillover information. 

     Crucially, even once this heterogeneity is considered, there is no systematic difference 

between Brown and Green assets in how sensitive they are to the removal of cross-group 

spillovers. In both groups, the largest performance losses are concentrated in the core and 

amplifier clusters, and the peripheral assets exhibit relatively modest changes. If the green vs 

brown distinction played a substantive role in shaping spillover dynamics, one would expect 

asymmetric deterioration patterns across groups or clusters 

     Taken together, these findings reinforce the overarching conclusion of the thesis, Brown and 

Green cryptocurrencies do not exhibit materially different volatility spillover characteristics. 

The consistent dominance of the GNNHAR-1L model across all assets, the absence of multi 

hop effects, and the symmetric, connectivity-driven loss of predictive accuracy in the group-

isolation experiment collectively point toward a crypto market where volatility propagation is 

governed by network structure and asset-specific features rather than the PoW/PoS distinction. 

     The relative deterioration in forecasting performance was calculated for each asset through 

this equation: 

Δ𝑎𝑠𝑠𝑒𝑡 =
MSE‾

𝑎𝑠𝑠𝑒𝑡,group-only − MSE‾
𝑎𝑠𝑠𝑒𝑡,full

MSE‾
𝑎𝑠𝑠𝑒𝑡,full

× 100% 

     So concretely: 

Δasset(Brown) =
MSE‾

asset, group-only − MSE‾
Brown, full

MSE‾
Brown, full

× 100% 

Δasset(Green) =
MSE‾

asset, group-only − MSE‾
Green, full

MSE‾
Green, full

× 100% 

 

Tabel 5 - Brown Only MSE results 

Brown-Only MSE   

Asset Full MSE Brown-
only MSE % Δ 
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BTC 1.03 1.12 +9.1% 
LTC 1.21 1.35 +11.7% 
BCH 1.19 1.30 +8.7% 

DOGE 1.34 1.49 +10.9% 
ETC 1.41 1.51 +7.5% 
ZEC 2.09 2.35 +12.4% 
RVN 2.02 2.22 +9.6% 
CFX 4.69 4.89 +4.2% 
CKB 4.44 4.70 +5.9% 
SC 4.64 4.82 +3.8 % 

 

Tabel 6 - Green Only MSE Results 

Green-Only MSE   

Asset Full MSE Green-
only MSE % Δ 

ETH 1.11 1.22 +10.3% 
ADA 1.68 1.84 +9.5% 
DOT 1.77 1.97 +11.2% 
BNB 1.70 1.85 +8.7% 
SOL 1.95 2.18 +11.8% 

ALGO 1.83 2.00 +9.1% 
AVAX 1.98 2.19 +10.6% 
CELO 1.87 2.04 +8.9% 
EGLD 1.91 2.07 +8.3% 

INJ 1.84 2.02 +9.7% 
XTZ 1.75 1.91 +9.4% 

MINA 4.92 5.18 +5.2% 
TRX 4.33 4.53 +4.7% 

 

Lag Structure and Horizon-Specific Spillover Effects 

     To better understand what the models learn about the temporal structure of volatility, this 

section examines the relative importance of the daily, weekly, and monthly realized volatility 

components in both the linear and nonlinear specifications. The goal is to identify which 

horizons drive predictability and how these effects differ across assets and clusters. 

     In the HAR and GHAR models, the contribution of each horizon can be assessed directly 

through the estimated coefficients on the daily, weekly, and monthly realized volatility terms. 

For each cryptocurrency 𝑖, the HAR-type specification is given by: 

𝑅𝑉𝑖,𝑡+1 = 𝛼𝑖 + 𝛽𝑖
(𝑑)

𝑅𝑉𝑖,𝑡
(𝑑)

+ 𝛽𝑖
(𝑤)

𝑅𝑉𝑖,𝑡
(𝑤)

+ 𝛽𝑖
(𝑚)

𝑅𝑉𝑖,𝑡
(𝑚)

+ 𝜀𝑖,𝑡+1, 
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where 𝑅𝑉𝑖,𝑡
(𝑑)

, 𝑅𝑉𝑖,𝑡
(𝑤)

, and 𝑅𝑉𝑖,𝑡
(𝑚)

denote the daily, weekly, and monthly realized volatility 

components, respectively. We summarize these coefficients by averaging them across assets 

and by volatility cluster. 

Tabel 7 - Average HAR coefficients by cluster 

Cluster 𝛽𝑑̅̅̅̅  𝛽𝑤̅̅ ̅̅  𝛽𝑚̅̅ ̅̅  

Core - Low 
Vol 0.42 0.39 0.16 

Amplifier - 
Medium Vol 0.46 0.37 0.14 

Peripheral - 
High Vol 0.33 0.29 0.11 

Overall 
average 0.41 0.36 0.14 

      

     The coefficient estimates indicate that the daily and weekly components carry the bulk of 

the predictive power: on average, the daily coefficient is around 0.41 and the weekly coefficient 

around 0.36, whereas the monthly term is considerably smaller at roughly 0.14. This pattern is 

consistent across all volatility clusters, with slightly stronger daily and weekly effects for core 

and amplifier assets and weaker coefficients for peripheral high-volatility coins. Importantly, 

the lag structure looks broadly similar for Brown and Green assets, with average daily, weekly, 

and monthly coefficients of approximately (0.40, 0.37, 0.15) for Brown assets and (0.42, 0.36, 

0.13) for Green assets, providing no evidence of systematic differences in horizon-specific 

effects across the two groups. 
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Tabel 8 - Brown vs Green (overall averages) 

     

 

 

 

 

Permutation-based lag importance in GNNHAR-1L 

     To assess the importance of each lag (daily, weekly, monthly) in the GNNHAR-1L model, 

the study employs a permutation-based approach. Because the GNN architecture combines 

HAR-style lag inputs with nonlinear graph convolutions, its internal parameters are not directly 

interpretable, making traditional coefficient analysis unsuitable. Instead, we evaluate each 

horizon’s contribution by measuring how much the model’s forecasting performance 

deteriorates when its temporal structure is disrupted. 

     The procedure is implemented on the test set as follows: we first compute the baseline out-

of-sample MSE using the trained GNNHAR-1L model. Then, for each horizon ℎ ∈

{daily,weekly,monthly}, we randomly shuffle the corresponding lagged feature over time while 

keeping all other inputs unchanged. This preserves the feature’s distribution but destroys its 

temporal meaning. The model is not retrained, therefore, any increase in MSE after shuffling 

can be attributed solely to the information loss from that specific horizon. Larger increases in 

MSE indicate greater reliance of the model on that lag. 

ΔMSEℎ = MSEℎ − MSEbase. 

 Baseline full test MSE (no shuffling):  MSEbase = 2.30 × 10−3 

Tabel 9 - Global Permutation results (all assets) 

Horizon 
shuffled MSE𝒉 (×10⁻³) 𝚫MSE𝒉 (×10⁻³) % increase vs baseline 

Daily 2.57 0.27 +11.7% 
Weekly 2.64 0.34 +14.8% 
Monthly 2.37 0.07 +3.0% 

 

Group 𝛽𝑑̅̅̅̅  𝛽𝑤̅̅ ̅̅  𝛽𝑚̅̅ ̅̅  

Brown 0.40 0.37 0.15 

Green 0.42 0.36 0.13 
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     The results show that shuffling the weekly component leads to the largest deterioration in 

forecasting accuracy, with the test MSE increasing by approximately 14.8% relative to the 

baseline. Shuffling the daily component also produces a substantial loss in performance 

(+11.7%), whereas perturbing the monthly component has a noticeably smaller effect, raising 

the MSE by only about 3.0%. This implies that the GNNHAR-1L model relies most heavily on 

short- and medium-run volatility histories when forming its forecasts, with the monthly horizon 

playing a secondary stabilizing role rather than being a primary driver of predictability.  

Tabel 10 - By volatility cluster (mean % increase in MSE when shuffled) 

Cluster Daily 
shuffled 

Weekly 
shuffled 

Monthly 
shuffled 

Core - Low 
Vol +12.9% +16.2% +3.9% 

Amplifier -
Medium 

Vol 
+12.1% +15.4% +3.2% 

Peripheral 
- High Vol +7.3% +9.1% +1.8% 

 

     When decomposed by volatility cluster, the importance of short- and medium-term lags is 

particularly pronounced for core and amplifier assets, for which shuffling the weekly 

component increases MSE by around 16% and 15%, respectively, while peripheral high-

volatility coins exhibit a more muted response (MSE increases of roughly 9% for weekly and 

7% for daily lags), consistent with their more idiosyncratic behavior. 

Tabel 11 - Brown vs Green  

Group Daily shuffled (%Δ MSE) Weekly shuffled (%Δ MSE) Monthly shuffled (%Δ MSE) 

Brown +11.5% +14.3% +3.1% 
Green +11.9% +15.1% +2.9% 

 

     Crucially, the permutation analysis does not reveal any systematic differences in lag 

importance between Brown and Green cryptocurrencies. For both groups, shuffling the weekly 

component generates the largest performance deterioration (around 14-15%), followed by the 

daily component (around 11-12%), with the monthly component having only a modest impact. 

This common ranking of horizons further supports the conclusion that the temporal structure of 
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volatility spillovers is driven by market-wide dynamics rather than by the underlying consensus 

mechanism. 

Model Confidence Set (MCS) Results 

     To statistically validate the performance differences between forecasting models, this study 

applies the Model Confidence Set (MCS) procedure proposed by (Hansen et al., 2011). The 

MCS framework identifies the subset of models that are not significantly inferior to the best 

model, at a specified confidence level, in this case, 90%.  

     The procedure was applied per asset using squared forecast errors from the test set. The 

comparison involved all four forecasting models: HAR, GHAR, GNNHAR-1L, and GNNHAR-

2L. The results were unambiguous: GNNHAR-1L was the only model retained in the MCS for 

all 23 cryptocurrencies. 

     Overall, the MCS results reinforce the core empirical conclusion of this thesis: nonlinear 

spillover effects are empirically relevant in the cryptocurrency market, while indirect (multi 

hop) spillovers do not appear to play a statistically significant role in volatility forecasting over 

the studied period. 

4.3      VOLATILITY BASED CLUSTERING OF CRYPTOASSETS 

      While the initial analysis sought to identify differences in volatility transmission between 

Brown (PoW) and Green (PoS) cryptoassets, neither the network structures nor the forecasting 

results provide evidence that consensus mechanism plays a role in driving these interactions. 

Instead, the observed patterns suggest that the key determinant for volatility spillovers is the 

volatility level of each asset, with assets of similar volatility exhibiting stronger 

interconnections regardless of whether they are Brown or Green. 

     The network structures obtained through Gephi (Appendix H : Centrality and Connectivity 

Metrics and Figure 9) provide a new perspective on the interactions between cryptoassets. 

Modularity based partitions reveal two main clusters: the first composed of mature, relatively 

low-volatility assets (BCH, BTC, DOGE, ETC, ETH, and LTC), and the second cluster is 

composed of medium-volatility assets (ADA, ALGO, AVAX, BNB, CELO, DOT, EGLD, INJ, 

RVN, SOL, XTZ, and ZEC). 
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     Notably, although the low volatility cluster is dominated by Brown assets, it also includes 

ETH (labeled as Green) due to its low-volatility profile. While in the medium-volatility cluster, 

the same happens with RVN and ZEC being the only Brown exceptions, which exhibit a 

volatility profile closer in resemblance to the other Green cryptoassets in the same cluster.  

 

     These crossovers between Green and Brown assets in each cluster underscore that volatility 

characteristics, rather than consensus mechanism or energy usage, drive the clustering process 

and shape spillover networks. 

     Beyond these two major clusters, a set of highly volatile assets (CFX, CKB, SC, MINA and 

TRX) stand apart, each forming its own cluster. Their isolation points to greater exposure to 

idiosyncratic shocks and weaker integration into the broader volatility network (Agyei et al., 

2022). 

     Overall, these results indicate that the configuration of volatility spillovers across 

cryptocurrencies is governed primarily by their position within the volatility network rather 

than by differences in technological design or energy efficiency.  

     This finding is particularly relevant for the forecasting exercise, as it suggests that 

differences in spillover dynamics observed in the GNNHAR models do not reflect simple 

distinctions between Brown and Green cryptocurrencies but reflect network interconnections 

shaped by volatility clustering. 

Figure 10 – Modularity based clustering 
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     Figure 9 and Figure 10 together reveal the structural topology of the cryptocurrency 

volatility network. The correlation network in  Figure 9  highlights the degree of 

interconnectedness between assets, whereas the modularity-based grouping in Figure 

10 identifies distinct volatility communities. 

     To facilitate interpretation and ensure consistency across this study, these network modules 

can be mapped to three volatility tiers: 

• Core tier (low volatility) - assets such as BTC, ETH, LTC, ETC, BCH, and DOGE form 

the center of the network, characterized by strong mutual connections and relatively 

stable realized volatility. 

• Amplifier tier (medium volatility) - assets including ADA, DOT, BNB, SOL, ALGO, 

and AVAX occupy a densely connected intermediate layer. Their realized volatility 

reacts sharply to systemic shocks and tends to amplify spillover waves originating from 

the core. 

• Peripheral tier (high volatility) - assets such as CFX, SC, MINA, TRX, and CKB are 

more isolated and exhibit idiosyncratic volatility spikes with limited contagion effects. 

     This tiered view clarifies that the network communities detected by modularity analysis are 

not arbitrary but correspond to volatility-based functional roles within the system: 

the core generates and transmits baseline volatility, the amplifiers magnify and redistribute it, 

and the periphery largely absorbs local shocks without significantly influencing others. 

     These structural findings directly support the forecasting results discussed in Section 4.3 and 

the overall conclusions of the thesis, namely, that volatility spillovers are strongest among core 

and amplifier assets and predominantly nonlinear in nature, while peripheral cryptocurrencies 

behave more independently. 
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5. CONCLUSION AND FUTURE RESEARCH 

     This thesis sets out to investigate volatility spillovers in the cryptocurrency market, with a 

focus on whether differences between Brown (PoW) and Green (PoS) assets shape transmission 

dynamics. The motivation stemmed from (Wang et al., 2024) and the question of whether 

technological distinctions, such as consensus mechanism and energy usage, carry implications 

for volatility spillovers. Using a novel Graph Neural Network HAR framework, with three key 

research questions in mind, the findings of this study strongly affirm the existence of volatility 

spillovers, reveal their nonlinear nature, and show that indirect multi hop pathways contribute 

little to volatility transmission under current conditions. Furthermore, the analysis uncovers that 

cryptocurrencies cluster by volatility levels rather than by their PoW (Brown) or PoS (Green) 

status, indicating no meaningful behavioral differences between these groups in terms of 

spillover dynamics. In summary, the cryptocurrency volatility network is highly interconnected 

and primarily organized by volatility tiers, not technology type, with nonlinear spillovers 

playing a crucial role in forecastability.  

Key Findings Addressing the Research Objectives 

• Volatility Spillovers Exist (RQ1). The results provide clear evidence that volatility 

spillovers are present in the crypto asset environment. Models that incorporate cross-

asset volatility information consistently beat those treating assets in isolation. In 

particular, the Graph HAR (GHAR) model, which linearly aggregates neighbor 

information, outperformed the traditional HAR model, indicating that incorporating 

information from other cryptocurrencies improves volatility forecasts. This 

performance gap confirms that volatility shocks propagate between assets, showing that 

when Bitcoin “sneezes”, other coins do indeed catch a cold via volatility transmission. 

The superior performance of both GHAR and GNN-based models over the univariate 

HAR establishes that interasset linkages contain predictive information, thereby 

affirmatively answering RQ1. Notably, this finding held true across the entire sample 

of 23 cryptocurrencies except for the case of SC, demonstrating a densely connected 

volatility network in which no asset is wholly insulated from others. 

• Spillovers are Nonlinear in Nature (RQ2). There is strong evidence that volatility 

spillovers in cryptocurrency markets are nonlinear. The one-layer Graph Neural 

Network HAR (GNNHAR-1L) model, which introduces nonlinear feature aggregation 

through graph convolutions (using ReLU activation), consistently outperformed both 
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the linear GHAR and the baseline HAR across all assets. This was true for both Brown 

(PoW) and Green (PoS) assets, indicating that the added expressive power of nonlinear 

modeling captures spillover patterns that linear models miss. The significant forecast 

accuracy gains of GNNHAR-1L over GHAR provide direct empirical support for 

nonlinear spillover effects. In practical terms, the influence of one coin’s volatility on 

another is not a fixed linear proportion, instead it can vary with market context and 

extremes, consistent with phenomena like herd behavior or asymmetrical responses to 

market stress. These results echo recent studies that found improved volatility forecasts 

when nonlinear relationships and contagion channels are modeled. We therefore 

conclude that crypto volatility spillovers are inherently nonlinear, answering RQ2 in the 

affirmative. 

• Limited Role of Indirect Neighbors (RQ3). The contribution of indirect, multi hop 

connections to volatility spillovers appears to be minimal under the conditions studied. 

The two-layer GNNHAR model (GNNHAR-2L), which expands the neighborhood to 

second-degree connections, did not meaningfully improve forecasting performance 

over GNNHAR-1L. This indicates that volatility transmission is effectively captured by 

direct neighbors alone, with little added benefit from more distant connections. Stated 

differently, volatility shocks propagate rapidly through the network via first-order links, 

and additional hops mostly introduce noise or over-smoothing. The Model Confidence 

Set (MCS) analysis at 90% confidence reinforced this: GNNHAR-1L was the only 

model consistently included in the superior set for all 23 assets, whereas GNNHAR-2L 

(and the other models) were systematically excluded. We attribute the lack of multi hop 

benefit to the high density of the crypto volatility network, where most assets are closely 

interconnected by short paths. No single asset serves as a critical volatility bridge, 

instead, overlapping connections allow spillovers to disseminate in one step. 

Consequently, extending the receptive field further (as GNNHAR-2L does) yields 

diminishing returns and even risks overfitting by diluting asset-specific signals. Thus, 

RQ3 is answered in the negative: indirect neighbors do not significantly add to volatility 

forecasting accuracy in this setting. 

     These findings collectively paint a coherent picture of volatility interdependence in 

cryptocurrency markets. The market behaves as an integrated network segmented by volatility 

magnitude rather than by consensus mechanism. Assets with similar volatility profiles cluster 

together and exhibit strong spillover linkages, regardless of being “green” or “brown.” 
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Meanwhile, extreme-volatility assets tend to stand apart at the periphery with weaker 

connections. Crucially, spillover effects within this network are nonlinear but predominantly 

confined to immediate network neighbors. Next, we discuss the broader implications of these 

insights and summarize model performance patterns across different asset clusters. 

Implications for Crypto Volatility Modeling 

     Improved Forecasting through Network-Based Models: The clear outperformance of the 

GNNHAR-1L model over traditional approaches has important implications for volatility 

modeling and risk management in cryptocurrency markets. It demonstrates that capturing the 

web of interactions between cryptoassets yields substantial forecasting gains, especially when 

nonlinear aggregation is used. Conventional volatility models (such as GARCH or HAR) that 

treat assets in isolation are likely to miss these cross-asset influences. Practitioners and 

researchers should therefore consider network-based volatility models for multi-asset crypto 

portfolios, as these models can better anticipate volatility surges that originate from or spread 

through connected assets. The results here confirm recent research that graph neural networks 

can harness complex spillover patterns to enhance volatility predictions. In practice, 

incorporating network spillovers could improve risk assessment, for example by warning that 

a volatility spike in a major coin may ripple out to others. Our findings also suggest that 

monitoring volatility networks (e.g. through rolling correlation or precision matrices) can 

identify which assets are likely to influence each other, thereby providing more responsive 

trading or hedging strategies. 

     Nonlinearity and Model Design: The evidence of nonlinear spillovers implies that linear 

models may systematically underestimate or misspecify the true spillover effects, especially 

during turbulent market conditions. Nonlinear behaviors, such as herding effects, contagion 

during crashes, or asymmetric reactions to news, mean that volatility transmission can intensify 

non-proportionally under stress. Models like GNNHAR-1L, with nonlinear activation 

functions, are better equipped to capture these regime-dependent dynamics. This finding 

encourages the use of nonlinear modeling elements (e.g. neural networks, regime-switching 

models, or other machine learning techniques) in volatility forecasting, as they can adapt to the 

changing relationship between assets when markets become frothy or fearful. Future model 

developers should balance complexity and interpretability, but our work makes a strong case 

that allowing for nonlinearity is crucial when modeling interconnected financial markets. 
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     Network Density and Optimal Spillover Horizon: The limited utility of second-hop 

spillovers in our results is a reminder that more complexity is not always better, it depends on 

the structure of the network. In a densely connected market like cryptocurrencies, most relevant 

information for forecasting an asset’s volatility is contained in its immediate neighbors (directly 

correlated assets). Adding a second layer of neighbors (which effectively brings almost the 

entire network into view, given the short path lengths) led to oversmoothing, where unique local 

information was washed out by broad market noise. This suggests that for highly entangled 

markets, restricting models to one hop relationships (or otherwise carefully regularizing multi 

hop information) is preferable. In contrast, for a more fragmented or hierarchical market, multi 

hop effects might matter, but in crypto’s case, the tightly-knit structure means one hop is 

sufficient to capture spillovers. Modelers should therefore tailor the neighborhood depth to the 

network topology at hand. In our context, the GNNHAR-1L struck the best balance, while 

GNNHAR-2L effectively “over-counted” information that was already reflected via closer 

connections. This insight also aligns with the centrality analysis of our crypto network, we 

observed high overall connectivity with low betweenness centrality, implying no long chain of 

intermediaries is needed for volatility to spread. Practically, this means risk propagation in 

crypto markets is swift and mostly direct, an important consideration for contagion risk 

management. 

     Volatility Clustering vs. Asset Characteristics: One of the striking findings of this study 

is that volatility level, not consensus mechanism, drives the clustering of cryptocurrencies in 

the volatility network. Despite the initial “brown vs green” hypothesis, we found no statistically 

significant differences in how PoW (energy-intensive) and PoS (energy-efficient) coins 

transmit or receive volatility shocks. Both types are mixed within the spillover network, 

grouped instead by their stability/volatility profiles. For example, low-volatility “core” assets 

(e.g. BTC, ETH, LTC) formed one cluster, whereas more volatile “amplifier” assets (e.g. ADA, 

DOT, BNB, SOL) formed another community, and the most volatile coins (e.g. CFX, MINA, 

TRX) were largely isolated as peripheral nodes. This outcome has several implications. First, 

it suggests that from a modeling perspective, one should account for volatility tiers, assets of 

similar risk level tend to influence each other more. Thus, segmenting the market by volatility 

(e.g. high, medium, low vol groups) could improve model specification or risk management 

strategies. Second, the lack of difference between PoW and PoS in spillover behavior means 

that, at least over 2023-2024, environmental or technological distinctions did not alter volatility 

interaction patterns. Investors and regulators focusing on “green crypto” versus “brown crypto” 
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should note that these labels alone do not insulate an asset from market-wide volatility events. 

A supposedly green asset like ETH (which transitioned to PoS) can be as integrated in the 

volatility network as a PoW asset, if its volatility profile is similar. For portfolio allocation, this 

means diversification needs to consider volatility characteristics more than consensus 

mechanism, holding a mix of low-vol coins vs high-vol coins may achieve more risk reduction 

than simply mixing PoW and PoS assets. 

     Heterogeneous Benefits Across Assets: An important practical insight from our 

forecasting results is that the magnitude of improvement from using network-based nonlinear 

models is heterogeneous across assets. Highly connected assets in the spillover network saw 

the greatest forecasting accuracy gains from the GNNHAR-1L model, whereas extremely 

volatile, isolated assets saw only modest gains. Table 5 below summarizes the best-performing 

model for each cryptocurrency, grouped by its volatility cluster. We observe that for every asset, 

GNNHAR-1L was the top model (as indicated by the lowest out-of-sample MSE). However, 

the degree to which GNNHAR-1L outperformed simpler models varies by cluster. In the core 

and amplifier clusters (low- and medium-volatility groups) ,which contain the most 

interconnected coins,  GNNHAR-1L often achieved substantially lower MSE than HAR or 

GHAR, reflecting the significant spillover information these assets exchange. For instance, 

assets like DOT, ADA, BNB, and ETH (all among the more connected coins) benefited greatly 

from incorporating network effects, with error reductions that were much larger than average. 

In contrast, for peripheral high-volatility assets such as SC, TRX, and MINA, the HAR model 

and GHAR model performed nearly as well as GNNHAR-1L, since these assets have few strong 

linkages to exploit. In such cases, most of their volatility is idiosyncratic, so a univariate 

approach captures the bulk of the predictable component. This pattern reinforces the idea 

that the value of sophisticated spillover modeling is highest for assets embedded in the 

network’s core, and lowest for those on the fringe. 
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Tabela 12 - Best-performing volatility forecast model by asset cluster. All assets, regardless of cluster, achieved 

their lowest prediction error with the GNNHAR-1L model, indicating its overall superiority. However, the 

performance gap between GNNHAR-1L and the simpler models varies by cluster. Core and amplifier (medium-

volatility) assets, which are well-integrated in the network, show a large improvement of GNNHAR-1L over the 

HAR baseline, confirming strong spillover effects. Peripheral assets, being largely idiosyncratic, see much smaller 

gains; for these, the HAR and GHAR models often performed almost on par. This underscores that network 

spillover modeling yields the greatest benefit for interconnected assets, whereas isolated coins’ volatility is driven 

more by asset-specific factors. Notably, in all clusters, the two-layer GNNHAR-2L did not top any asset’s ranking, 

consistent with our earlier conclusion that including second-hop neighbors does not improve forecasts in a dense 

volatility network. 

Cluster 

(Volatility Tier) 

Assets in 

Cluster 

Best Model 

(Rankings) 

Core - Low 

Volatility 

BTC, ETH, 

LTC, BCH, 

DOGE, ETC 

GNNHAR-1L (best for 

all core assets; big 

difference in 

performance between 

GHAR and HAR) 

Amplifier - 

Medium 

Volatility 

ADA, DOT, 

BNB, SOL, 

ALGO, AVAX, 

CELO, EGLD, 

INJ, XTZ, RVN, 

ZEC 

GNNHAR-1L (best for 

all amplifier assets; also 

big difference in 

performance between 

GHAR and HAR) 

Peripheral - 

High Volatility 

CFX, CKB, SC, 

MINA, TRX 

GNNHAR-1L (best for 

all peripheral assets; 

GHAR ≈ HAR in terms 

of performance) 

 

Final Remarks 

     In conclusion, this research establishes that cryptocurrency volatility is contagious 

(spillovers exist), nonlinear, and primarily constrained to direct connections in a tightly knit 

network. The distinction between “brown” and “green” cryptocurrencies is largely irrelevant 

for volatility transmission, instead, it is an asset’s own volatility magnitude and network 

connectivity that govern how it influences and is influenced by others. These insights contribute 

to the growing literature on graph-based financial modeling by demonstrating the efficacy of 

GNN approaches in capturing complex dependency structures in high-frequency data. From a 

practical standpoint, the findings encourage risk managers to monitor volatility linkages and 

incorporate them into forecasting models, especially for portfolios containing highly 

interconnected cryptoassets. 
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Future Research Directions 

     This study opens several promising avenues for future research. First, the inclusion of 

additional financial variables, such as a broader set of cryptocurrencies, financial assets such as 

equities, commodities and index funds, or macroeconomic indicators like the S&P 500 or MSCI 

World could enrich the information set available to the model and reveal cross-market volatility 

transmission mechanisms that extend beyond the cryptocurrency space.  

     Second, although this study focused on daily realized volatility based on 5-minute returns, 

future research could investigate longer horizons (weekly or monthly volatility) to determine 

whether nonlinear and multi hop spillovers emerge more clearly across time. Prior studies show 

that volatility spillovers exhibit horizon dependent behavior, underscoring the importance of 

multi horizon modelling (Mensi, Rehman, et al., 2024)(Kakinaka & Umeno, 2022)(Catania & 

Grassi, 2022). 

     Third, the graph construction methodology itself presents opportunities for refinement. 

While this study used GLASSO (Friedman et al., 2008) to infer time-varying conditional 

dependence networks, alternative approaches such as empirical approaches based on feature 

importance (Karpman et al., 2023), Attention-based GNNs and Mutual Information approach 

may uncover different network structures and further improve the interpretability and predictive 

power of graph based volatility forecasting models. The presence of nonlinearity in the 

relationships between cryptoassets further validates the incorporation of these extensions as 

they can capture nonlinear, non-Gaussian and asymmetric dependencies with the use of 

Attention-based GNNs (Uddin et al., 2023)(Lei et al., 2024) even considering directionality, 

which can lead to a deeper understanding of interconnectedness in financial markets. 

     Fourth, future research could investigate the role of investor heterogeneity in shaping 

volatility spillovers. Recent studies show the existence of different cryptocurrency owner types, 

from transactors who solely use cryptocurrencies for transactions and payments, investors, a 

mix user which uses cryptos for both investments and transactional purposes and traders 

(Hayashi & Routh, 2025)(Ante et al., 2023). These different types of crypto owners have 

distinct levels of financial literacy, risk tolerance, and various demographic and financial 

characteristics. The evidenced differences in financial literacy and risk tolerance by owner type 

may influence how shocks propagate, as more cautious investors concentrate in low-volatility 

assets while risk-seeking participants gravitate toward highly volatile coins. Bridging the gap 

between behavioral evidence on owner heterogeneity with network-based volatility models 
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would provide a richer understanding of how portfolio choices, risk preferences, and market 

participation contribute to the clustering of cryptocurrencies and to the intensity of spillover 

dynamics. 
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APPENDIX A : ENSURING STATIONARITY OF LOG RETURN TIME 

SERIES 

     Before proceeding with model estimation and forecasting, it is essential to verify that the log 

returns time series for each cryptocurrency is stationary. In time series modeling, particularly 

in financial econometrics, stationarity refers to the property that a process’s statistical 

characteristics such as mean, variance, and seasonality remain constant over time. 

     In this study, stationarity is a critical prerequisite for several reasons: 

• Model Validity: GHAR and GNNHAR models assume that the input features (daily 

realized volatility and lagged features) are drawn from stationary processes. Non-

stationary inputs can lead to unstable parameter estimates and unreliable forecasts. 

• Consistent Volatility Estimation: The realized volatility estimator is designed under 

the assumption that the log return process exhibits constant statistical behavior over 

time. A non-stationary return series could bias the realized volatility calculation, 

undermining its effectiveness as an implied volatility proxy. 

     To this end, the log returns of each cryptocurrency were individually tested for stationarity 

using the Augmented Dickey-Fuller (ADF) test. In all cases, the ADF test rejected the null 

hypothesis of a unit root at the 1% significance level, indicating strong evidence of stationarity 

in the log return series. 

Figure 11 - ADF test results for daily log returns 
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APPENDIX B : HANDLING OF MISSING VALUES 

     During the data preparation phase, it was observed that the Binance API returned incomplete 

high-frequency data for all cryptocurrencies on March 24th, 2023. Specifically, 16 consecutive 

5-minute intervals (equivalent to 1 hour and 20 minutes) were missing across every asset. 

     Given that daily realized volatility is computed as the sum of squared intraday log returns, 

such a gap represents a non-negligible loss of information and imputing or interpolating high-

frequency returns over this time span would risk distorting the volatility estimate for that day. 

     For this reason, in the effort of preserving the integrity and comparability of the daily 

realized volatility calculations across all assets and dates, the decision was made to remove 

March 24th, 2023 entirely from the dataset. Since the missing data affected only a single trading 

day within a nearly two-year sample, this exclusion had no material impact on the statistical 

power or continuity of the study. 
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APPENDIX C : SET OF HYPERPARAMETERS USED 

After running Grid Search, these were the set of hyperparameters used for each model: 

 HAR GHAR GNNHAR-1L GNNHAR-2L 

No Hidden 

Units 

              

None 

                       

12 

                         

12 

                           

9 

No of Epochs 100 50 50 60 

Batch Size 16 16 16 16 

Learning Rate 0.001 0.001 0.001 0.001 

Weight Decay 1×10-4 1×10-4 5×10-4 1×10-5 

Early Stop 

Patience 

                     

5 

                         

5 

                              

5 

                              

5 

Dropout Rate None None 0.3 0.3 
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APPENDIX D : CRYPTOASSETS LOG RETURN DISTRIBUITIONS 

HISTOGRAMS 

 



79 
 

APPENDIX E : CRYPTOASSETS LOG RETURN Q-Q PLOTS  
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APPENDIX F : CRYPTOASSETS LOG RETURN VIOLIN PLOTS 
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APPENDIX G : CRYPTOASSETS LOG RETURN ECDF PLOTS 
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APPENDIX H : CENTRALITY AND CONNECTIVITY METRICS 

 

Figure 12 - Centrality and Connectivity Metrics 
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APPENDIX I : DAILY LOG RETURNS DISTRIBUITION STATISTICS 

 

Figure 13 - Distribuition Statististics 
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APPENDIX J : DAILY REALIZED VOLATILITY PLOTS 

 

 



85 
 

APPENDIX K : PREDICTIONS PLOTS 

 

 

 

  

Figure 14 – Daily Realized Volatility Predictions 
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