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ABSTRACT

Title: Integrating Crypto Assets into Portfolio Management: A Comprehensive Analysis across 

Asset Allocation Techniques

Author: Thomas Pramel

The increased relevance of crypto assets raises questions regarding their role in traditional 

portfolio optimization. This thesis investigates whether incorporating the Crypto Currency 

Index 30 (CCI30) or Bitcoin (BTC) enhances portfolio performance across several asset spaces 

and portfolio optimization techniques. The applied techniques include risk-based, return-based, 

and utility-based approaches. Furthermore, this thesis investigates whether crypto-inclusion 

effects are time-varying or constant and whether there is a superior optimization technique or 

superior design choices (e.g. different windowing-approaches) for crypto-inclusion.

The portfolios are constructed purely out-of-sample based on daily return data from 2015 to 

2024. The final assessment uses statistical comparisons based on block-bootstrapping and 

fixed-effects panel regression analyses.

The results show that crypto assets generally improve performance. Their inclusion increases 

risk-adjusted returns and utility measures, but also increases risk measures substantially, with 

benefits differing across strategies. The simple 1/N, maximum diversification and utility-based 

approaches display the strongest gains. Furthermore, crypto-inclusion benefits exhibit 

substantial time variation. In both applied subperiods - pre- and post-COVID - adding crypto 

leads to alternating periods of over- and underperformance compared to traditional portfolios. 

This pattern suggests that crypto assets act as performance amplifiers, magnifying both positive 

and negative performances. Overall, crypto inclusion improves performance, as the positive 

amplification outweighs its negative counterpart.

This thesis contributes to existing literature by comprehensively evaluating crypto-inclusion 

effects over an extended period and by systematically comparing various strategies and design 

choices. Future research could explore dynamic optimization approaches or focus on explaining 

the time-varying nature of crypto-inclusion benefits.

Key words: Crypto Assets, CCI30, Bitcoin, Portfolio Optimization, Portfolio Optimization 

Techniques, Portfolio Performance Measures, Block-Bootstrapping, Risk-based Approaches, 

Utility-based Approaches, Risk-adjusted Return-based Approaches, Fixed-effect Panel 

Regression 



RESUMO

Título: Integração de Criptoativos na Gestão de Portfólios: Uma Análise Abrangente das 

Técnicas de Alocação de Ativos

Autor: Thomas Pramel

O aumento da relevância dos criptoativos levanta questões sobre o seu papel na otimização de 

portfólios tradicionais. Esta tese investiga se a incorporação do Crypto Currency Index 30 ou 

do Bitcoin melhora o desempenho dos portfólios. Foram aplicadas técnicas com abordagens 

baseadas no risco, no retorno e na utilidade. Além disso, examina a possibilidade dos efeitos 

serem constantes ou variáveis no tempo e se existe uma técnica de otimização superior para a 

integração dos criptoativos.

Os portfólios são construídos fora da amostra, com base em dados de retornos diários entre 

2015 e 2024. A avaliação final utiliza comparações estatísticas através de bootstrapping em 

blocos e regressões de painel com efeitos fixos.

Os resultados demonstram que os criptoativos melhoram o desempenho. A sua inclusão 

aumenta os retornos ajustados ao risco e a utilidade, mas também eleva substancialmente o 

risco. Ademais, os benefícios da inclusão de criptoativos apresentam forte variação temporal. 

Nos dois períodos aplicados, antes e depois do COVID, adicionar cripto leva a períodos 

alternados de melhor ou pior desempenho em comparação aos portfólios tradicionais. Esta 

conclusão sugere que criptoativos atuam como potenciadores de desempenho. Em geral, a 

integração de criptoativos melhora o desempenho, porque a amplificação positiva supera a 

negativa.

Esta tese contribui para a literatura ao avaliar os efeitos da inclusão de criptoativos num período 

alargado e ao comparar sistematicamente diversas estratégias e escolhas de conceção. 

Investigações futuras poderão explorar abordagens de otimização dinâmicas ou concentrar-se 

em explicar a natureza variável no tempo dos benefícios da inclusão de criptoativos.

Palavras-chave: Criptoativos, CCI30, Bitcoin, Otimização de carteiras, Técnicas de 

otimização de portfólios, Medidas de desempenho dos portfólios, Bootstrapping em blocos, 

Abordagens baseadas no risco, Abordagens baseadas na utilidade, Abordagens baseadas em 

retornos ajustados ao risco, Regressão em painel com efeitos fixos
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1 INTRODUCTION

1.1 The Rise of Cryptocurrencies

Since Satoshi Nakamoto (2008) first introduced the concept of cryptocurrencies (CCs), their 

relevance has been on the rise, peaking at a market capitalization of about 3.7 trillion USD in 

December 2024, distributed amongst over 11.5 million CCs, with Bitcoin (BTC) accounting for 

about 50-60% of the total market capitalization throughout the last calendar year

(CoinMarketCap, 2025). Although the market capitalization is still low compared to traditional 

asset classes such as equities or bonds, CCs are gaining interest among institutional investors 

(Huang, Lin, & Wang, 2022). A 2022 Bridgewater article states that CC exposures from 

institutional investors are likely to grow due to the rapid development of investment products 

and major banks building trading desks and infrastructure specifically for CCs. Eight out of ten 

institutions view crypto and digital assets as a potential fit for portfolios (Karniol-Tambour, 

Tan, Tsarapkina, Sondheimer, & Barnes, 2022). As of 2023, over 40% of a sample of over 250 

institutions were already invested in spot CC, i.e. direct holdings of CC without using derivative 

products. Including the institutions planning to invest within the next three years, this number 

grows to more than 50%. The most common allocation is typically within the 1% to 5% range, 

with most of the allocation flowing into BTC and Ethereum (ETH). However, 60% of investors 

also invest in a variety of other CCs (Elinson & Kher, 2023). A more recent study finds that 

two-thirds of institutional investors are planning to invest in crypto assets and that CCs are 

especially appealing due to their high upside potential, innovative technology and low 

correlation to other assets (Fidelity Digital Assets, 2024). However, the studies also emphasize 

obstacles regarding crypto exposure, such as high volatility, concerns around market 

manipulation, lack of regulatory clarity and general security concerns (Elinson & Kher, 2023; 

Fidelity Digital Assets, 2024; Karniol-Tambour et al., 2022). The regulatory issues have been 

partly addressed by the approval of Spot BTC Exchange-Traded Products by the United States 

Securities and Exchange Commission in January 2024 (Gensler, 2024) and of similar 

Ether-based products in July 2024 (Schmitt, 2024), which make it easier for institutional 

investors to invest into CC.

1.2 Relevance, Motivation and Research Objectives

The increasing adoption and relevance of CCs highlight the demand for data-driven insights 

and analyses regarding their impact on asset allocation strategies. Both private and institutional 

investors seek viable guidance from academia in questions such as 8Should crypto assets be 
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included in well-diversified portfolios?9 and 8If so, how should they be incorporated?9. This 

demand for clarity is reinforced by publications from some of the world9s leading financial 

institutions, such as JP Morgan, State Street or Morningstar, which are trying to answer these 

questions and come to different conclusions on how or whether CCs and their unique risk-return 

profiles should be combined with traditional asset classes (Arnott, 2024; Czasonis, Kritzman, 

Pamir, & Turkington, 2022; Manley & Gauba, 2024; Sigel, Bush, & Zinoviev, 2024).

The academic and practical relevance, paired with a deep personal interest in being on the edge 

of time regarding the exploration of innovative and forward-looking investment opportunities, 

are thus the key drivers behind the motivation for this thesis. The main objective of this thesis 

is twofold. First, this thesis aims to assess whether CCs can enhance portfolio performance 

using various traditional asset allocation techniques. The focus hereby lies on the creation of 

implementable strategies that will be tested out of sample (OOS) to assess their real-world 

effectiveness. Second, this thesis aims to provide guidance regarding the selection of the most 

appropriate asset allocation technique when including CCs in a portfolio.

1.3 Structure of the Thesis

First, a comprehensive literature review will be conducted. This literature review aims to define 

CCs and examine their return behavior and usage in portfolio optimization. Subsequently, the 

methodology chapter will guide through the derivation of the research questions (RQ), and 

explain the applied portfolio optimization techniques, the performance measures, and the 

overall approach used to answer the RQs. Chapter four, 8Empirical Analysis9, presents the 

derived results per RQ in detail and provides additional information from robustness tests. In 

chapter five, 8Discussion9, the results will be interpreted in further detail, compared to previous 

literature, and specific recommendations for investors in practice will be derived. This chapter 

also discusses the limitations of this thesis and introduces potential future research areas. The 

last chapter, 8Conclusion9, briefly summarizes all previous parts, focusing on the derived 

findings and their implications.

2 LITERATURE REVIEW

2.1 Cryptocurrencies - A Definition of the Term

Before diving into detail, a definition of the term 8cryptocurrencies9 is introduced to create a 

uniform understanding. In this context, it is necessary to distinguish between two fundamental 

concepts: electronic money and virtual currencies. Electronic money can be seen as digital cash. 
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It describes the digital storage of monetary value issued and governed by a central authority, 

which can be used for payment transactions and easily converted into traditional money 

(European Union, 2009; Lansky, 2018). Instead, virtual currencies are digital representations of 

value that are not issued by public authorities or central banks, are not necessarily pegged (i.e., 

fixed or closely tied) to a fiat currency and typically do not have legal tender status. They can 

be issued centralized or decentralized (European Banking Authority, 2014).

CCs belong to the decentralized form. Nakamoto (2008), who introduced the first CC and the 

underlying mechanisms, describes a system that allows transactions between parties without 

needing a trusted third party. This is achieved by reliance on cryptography and a decentralized 

network, commonly referred to as blockchain. These networks are designed to keep the 

overview of units and ownership, control the creation of additional units, allow transactions, 

and eliminate errors such as double spends on their own. Common principles include 

decentralization, pseudo-anonymity, and transparency, as all transactions are stored within the 

network using codes rather than names or other personal information (Chu, Chan, Nadarajah, 

& Osterrieder, 2017; Lansky, 2018; Trozze et al., 2022).

Academic research is still divided on whether CCs should be considered currencies or an 

alternative asset class. The European Central Bank names three essential functions of a 

currency. (1) Medium of Exchange: It is usable for payments as it is a legal tender and has a 

value that people trust. (2) Unit of account: It allows goods and services to be priced and those 

prices to be compared. (3) Store of value: It can be stored to preserve value over time (European 

Central Bank, 2015). CCs9 high volatility (compare section 2.2.1) and the fact that 

exchange-traded volume makes up a large portion of the total transaction volume suggest that 

CCs are more commonly used as an asset (Glasner, Zimmermann, Haferkorn, Weber, & Siering, 

2014). This is further supported by several studies which show that they are investible and their 

prices fluctuate according to supply and demand. This is not necessarily the case for currencies 

(Corbet, Lucey, Urquhart, & Yarovaya, 2019; Urquhart, 2017; Wei, 2018). Holovatiuk (2020) 

and Pele et al. (2023) characterize them as an asset class and check several requirements, such 

as stable aggregation, investment accessibility, internal homogeneity, and external 

heterogeneity. Additionally, they apply dimensionality reduction techniques. This thesis 

classifies CCs as an asset class and subsequently refers to them as crypto assets.
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2.2 Statistical Properties and Correlation Dynamics of Crypto Assets

2.2.1 The Return Behavior of Crypto Assets

While earlier papers mainly focus on the return behavior of BTC, later papers expand the 

subsequently mentioned findings to a broader sample of crypto assets. Generally, crypto assets 

offer high returns but also exhibit high volatility, heavy tails, and skewness (Blau, 2018; Cheah 

& Fry, 2015; Chu, Nadarajah, & Chan, 2015; Osterrieder, 2017). Other common features are 

long memory, conditional heteroskedasticity, and negative leverage effects (Fung, Jeong, & 

Pereira, 2022). Speculative bubbles are observable within the crypto asset space and prices tend 

to cluster around even numbers (Cheah & Fry, 2015; Urquhart, 2017). Gandal et al. (2018) even 

find evidence for price manipulations through large individual investors or investor groups. 

Crypto assets furthermore exhibit stylized facts that are also often found in return series of other 

financial assets (Cont, 2001). When analyzing crypto returns, it is common to find an absence 

of significant linear autocorrelations, a slow decay of autocorrelation in absolute returns, 

volatility clustering, a leverage effect, and a significant volume/volatility correlation (Ghosh, 

Bouri, Wee, & Zulfiqar, 2023; Hu, Parlour, & Rajan, 2019; Zhang, Wang, Li, & Shen, 2018).

While academic research does not fully agree on the most suitable distribution for crypto asset 

return series, it does share the opinion that it is important to choose a distribution that accounts 

for heavy tails. It concludes that a t-student distribution regularly is amongst the best fitting 

distributions across several Goodness-of-Fit tests and information criteria (Osterrieder, 2017; 

Phillip, Chan, & Peiris, 2018).

Dunbar and Owusu-Amoako (2022) find that crypto asset returns are predictable based on a 

crypto market risk premium, consistent with the classical CAPM for equity returns. Other 

papers extend this and introduce more sophisticated factor models for crypto assets, similar to 

well-established factor models for the pricing of traditional assets, such as 3FF or 5FF. They 

find that expected crypto asset returns are at least partially captured by a market, a size and a 

momentum factor (Liu & Tsyvinski, 2021; Liu, Tsyvinski, & WU, 2022).

2.2.2 Crypto-Correlations: Internal and Cross-Market Relationships

Even though crypto assets tend to exhibit similar characteristics regarding their return series, 

the literature on the correlation structure within the crypto space is divided. Holovatiuk (2020) 

and Borri (2019) find relatively high correlations of up to 0.8 and show that this co-movement 

is especially pronounced between major coins, such as BTC and ETH (Katsiampa, 2019; Liu 

& Serletis, 2019). However, those studies also argue that constructing pure crypto-portfolios 
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can significantly reduce idiosyncratic risk (Borri, 2019; Katsiampa, 2019). In contrast, other 

studies find that over 90% of pairwise correlations can be considered relatively low and fall 

within a range of -0.1 to 0.2 (Borri, 2019; Brauneis & Mestel, 2019; Holovatiuk, 2020; Liu, 

2019).

However, a broad majority of previous researchers find that crypto assets show low correlations 

with other asset classes. They find pairwise correlations to mainly be below 0.2. Their analyses 

use a broad sample of up to 52 crypto assets and several traditional asset classes such as stocks, 

fixed income, currencies, commodities, real estate, and hedge funds. (Baur, Hong, & Lee, 

2018b; Borri, 2019; Brière, Oosterlinck, & Szafarz, 2015; Gil-Alana, Abakah, & Rojo, 2020; 

Gorman & Hughen, 2024; Holovatiuk, 2020; Liu & Tsyvinski, 2021; Petukhina, Trimborn, 

Härdle, & Elendner, 2021). Other studies prove BTC9s diversification or hedging potential us-

ing Generalized Autoregressive Conditional Heteroskedasticity (GARCH) approaches (Baur, 

Dimpfl, & Kuck, 2018a; Dyhrberg, 2016a; Dyhrberg, 2016b). Nevertheless, academic literature 

does not fully agree on crypto assets9 ability to serve as diversifiers in times of high volatility. 

While some studies argue that low correlation and, thus, diversification benefits persist in times 

of financial turmoil (Bouri, Hussain Shahzad, & Roubaud, 2020; Dwita Mariana, Ekaputra, & 

Husodo, 2021), other studies find certain spillover effects and increased correlation in times of 

financial turmoil, e.g., throughout and following the Corona Virus Disease (COVID19) crisis 

(Gorman & Hughen, 2024; Nguyen, 2022). Li and Miu (2023) find that the correlation between 

stocks and crypto assets is significant and high when both markets are in high1volatility states, 

while insignificant or even negative when at least one is in a low- or medium-volatility state.

2.3 Crypto Assets in Portfolio Optimization

A broad stream of literature has used several alternative asset classes in portfolio optimization 

approaches to achieve diversification benefits and thereby improve the risk-return profile of 

portfolios. Common extensions to a portfolio consisting of equities, fixed income, and a 

potential risk-free asset that are widely proven to offer diversification benefits include foreign 

exchange, commodities, and real estate (Ackermann, Pohl, & Schmedders, 2017; Barroso & 

Santa-Clara, 2015; Belousova & Dorfleitner, 2012; Benjamin, Sirmans, & Zietz, 2001; Hoang, 

Lean, & Wong, 2015; Kroencke, Schindler, & Schrimpf, 2014). As this thesis focuses on crypto 

assets, a more detailed overview of their use in portfolio optimization is provided in the 

subsequent sections.
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2.3.1 Pure Crypto-Portfolios

Several papers have constructed pure crypto portfolios without using other asset classes. 

Approaches applying traditional mean-variance optimization to portfolios composed entirely 

of different and up to 500 crypto assets show that performance improvements are achievable 

compared to investing in single crypto assets (Brauneis & Mestel, 2019; Platanakis, Sutcliffe, 

& Urquhart, 2018; Platanakis & Urquhart, 2019). Liu (2019) and Burggraf (2019) extend this 

research by using broader sets of portfolio optimization techniques and find that optimal asset 

allocation amongst crypto assets enhances Sharpe Ratios (SR) and utility across all the used 

techniques.

2.3.2 Adding Bitcoin to Optimal Portfolios

In an early study, Brière et al. (2015) found that adding BTC to portfolios consisting of 

(1) traditional assets (2) alternative assets, and (3) a mix of all assets, allows them to achieve 

higher risk-adjusted returns in spanning tests. Diversification benefits can also be achieved 

using Mean-Conditional Value at Risk (CVaR) approaches, as higher returns overcompensate 

the increased CVaR from adding BTC to portfolios. This also holds when introducing short sale 

constraints or maximum weights (Eisl, Gasser, & Weinmayer, 2014; Kajtazi & Moro, 2019). 

Platanakis and Urquhart (2020) offer a comprehensive study that examines the impact of the 

addition of BTC using (1) eight asset allocation techniques, (2) quadratic and constant relative 

risk aversion (CRRA) utility functions, (3) three different levels of risk aversion and (4) several 

portfolio performance metrics. They find that adding BTC improves SRs, Sortino Ratios and 

Omega Ratios in almost all considered scenarios, leading to the conclusion that BTC should be 

a part of today9s portfolios. This conclusion even stands after several robustness tests, which 

include using price data from different exchanges, short sale constraints, and a proxy for 

transaction cost. While their results are confirmed by Guesmi et al. (2019), Gorman and Hughen 

(2024) challenge this view in a more recent study. By applying a Dynamic Conditional 

Correlation (DCC)-GARCH model, they find a structural break in the covariance of BTC and 

traditional asset classes around the COVID-19 outbreak. Furthermore, they perform 

mean1variance spanning tests and construct in-sample optimal portfolios and find reduced 

performance improvements in latter periods under a mean-variance setting. Symitsi and 

Chalvatzis (2019) perform another comprehensive study in which they add BTC to portfolios 

consisting of currencies, commodity indices, stocks and a mixed portfolio of all the 

aforementioned. They use four asset allocation techniques, namely (1) equally-weighted (ew), 

(2) global minimum variance (gmv), (3) short sale constrained gmv, and (4) short sale 
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constrained gmv with covariance forecasts retrieved from a DCC-GARCH model. They find 

that adding BTC significantly improves SRs in almost all scenarios but at the cost of 

significantly increased portfolio turnover. Removing so-called 8bubble-periods9, periods in 

which BTC earned extraordinary returns, which are followed by strong downturns, they found 

that the increases in SRs became insignificant or even turned negative. Furthermore, they 

document that the mean weight attributed to BTC, when added to a long-only and mixed 

portfolio, is between 0.08% and 3.36% depending on the applied rebalancing frequency and 

asset allocation technique.

2.3.3 Adding Several Crypto Assets to Optimal Portfolios

Trimborn et al. (2020) find that the addition of 42 crypto assets to stocks, or a mix of stocks, 

bonds, and commodities, generally improves OOS SRs when using a gmv or a minimum CVaR 

(minCVaR) approach. Additionally, those portfolios exhibit reduced negative skewness and 

kurtosis, and the results remain robust but less pronounced when introducing liquidity 

constraints and when using monthly instead of weekly rebalancing. However, they find that the 

maximum drawdown increases in some scenarios. These results are supported by Holovatiuk 

(2020), who forms tangency portfolios based on a mean-variance and a mean-CVaR approach 

and includes the CRIX as the crypto asset. The CRIX is an index created by Trimborn and 

Härdle (2018) that captures the movement of the crypto market. Holovatiuk (2020) furthermore 

concludes that SRs improve across all asset allocation methods, while Sortino Ratios typically 

worsen. Hence, investors concerned about limiting their downside risk should not necessarily 

include crypto assets in their portfolios. Ma et al. (2020) also find increased SRs when 

constructing tangency portfolios that include five crypto assets, especially when allowing short 

sales. Constructing portfolios with BTC, ETH, four industry portfolios and cash and using an 

asset allocation approach based on risk parity with an EWMA risk estimation and a 10% 

maximum weight constraint on crypto assets increases returns without significantly increasing 

volatility or drawdown. This also holds for a simple approach that invests 90% equally in the 

four industry portfolios and 10% equally in BTC and ETH (Johansson & Boyd, 2024). 

Petukhina et al. (2021) performed an extensive study using a broad set of assets and nine asset 

allocation techniques and found mixed results. First, they find that cumulative wealth over the 

entire period tends to be higher when including crypto assets, but with substantial differences 

between asset allocation techniques. At the same time, SRs of portfolios which include crypto 

assets tend to be higher than those of the benchmark portfolios. Besides the Equal Risk 

Contribution (ERC) approach, none of these increases show statistical significance. They also 
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assess the weights and different diversification measures and find that diversification benefits 

depend strongly on the applied asset allocation technique. Additionally, they conclude that 

adding crypto assets extends the efficient frontier, especially in the high-risk, high-return area. 

These results hold for daily, weekly, and monthly rebalancing. However, they do not find 

increases in risk-adjusted returns when using gmv or Minimum CVaR, which opposes the 

previously mentioned literature.

2.4.4 Limitations and Research Gaps of Current Literature

One common limitation in the existing literature is the relatively short time horizon considered, 

which is mainly rooted in the fact that crypto assets have only existed for a limited period that 

does not allow excessive OOS testing. Moreover, several papers restrict their analysis to 

crypto-inclusive portfolios compared against a single previously defined benchmark instead of 

systematically applying each optimization technique in both a crypto-inclusive and a traditional 

setting. Others conduct purely in-sample analyses, which may not adequately reflect real-world 

OOS circumstances. In addition, many papers examine a limited set of performance metrics 

and often do not account for estimation errors in the input parameters. This is a severe 

shortcoming, as asset allocation models are known to be highly sensitive to such errors, 

potentially resulting in extreme weights, poor OOS performance, and a neglection of higher 

order moments (Best & Grauer, 1991; Chopra, Hensel, & Turner, 1993; Jobson & Korkie, 1980; 

Lai, Xing, & Chen, 2011; Michaud, 1989). In many cases, portfolios formed without consider-

ation of estimation errors can even be outperformed by simple equally-weighted portfolios 

despite their theoretical inefficiency (DeMiguel, Garlappi, & Uppal, 2009; Jobson & Korkie, 

1980).

Beyond those methodological limitations, several research gaps remain. Previous research did 

not conduct an OOS analysis of whether crypto-inclusion effects are of a constant or 

time-varying nature. This aspect appears increasingly relevant as several indications for 

time-varying effects are already provided (reduced correlations and in-sample performance 

after COVID-19, etc.). Furthermore, while previous research has focused on examining whether 

benefits are achievable across different optimization strategies, no prevalent study has analyzed 

whether crypto-inclusion effects significantly vary across strategies or assessed whether there 

is a clearly superior optimization strategy for capturing the theoretical crypto-inclusion benefits.
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3 METHODOLOGY

3.1 Derivation of the Research Questions

The historically high average returns and the low – or even negative – correlations (see section 

2.2) suggest that including crypto assets in portfolios enhances risk-adjusted returns and utility. 

This is supported by several studies that successfully used BTC or several crypto assets in 

different portfolio optimization settings (see section 2.3). However, most existing evidence is 

based on data ending in 2020. More recent literature finds a noteworthy shift: Correlations 

between crypto assets and other asset classes have substantially increased in recent years, 

especially after the COVID-19 crisis. These developments might represent a structural change, 

influence the potential outperformance from crypto-enhanced portfolios and raise the following 

questions:

RQ1: Does adding crypto assets improve the performance of portfolios constructed using tra-

ditional portfolio optimization techniques over an extended OOS period up to the end of 2024?

RQ2: Does the performance contribution of crypto assets to portfolios constructed using 

traditional portfolio optimization techniques significantly vary over time?

In addition, the literature review reveals lacking consensus on a superior portfolio optimization 

technique when integrating crypto assets into diversified portfolios. This leads to an additional 

research question:

RQ3: Is there a consistently superior portfolio optimization technique to integrate crypto assets 

into diversified portfolios and how do specific design choices (e.g., rebalancing frequency, 

estimation procedure, etc.) influence the potential enhancement of portfolio performance?

A comprehensive comparison across different portfolio optimization techniques will be 

conducted to address these questions (see section 3.3). Each technique will be applied in two 

scenarios (1) a case without, and (2) another case including crypto assets. These scenarios will 

then be evaluated using a broad set of portfolio performance measures (see section 3.5). 

Subsequently, extensive robustness tests will be conducted to validate the observed findings. 

The following chapters describe the dataset, the portfolio optimization techniques, and the 

portfolio performance measures. They furthermore introduce the overall methodology 

employed in this thesis in further detail. A visual summary of the whole empirical process can 

be found in Appendix A.6.
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3.2 Description of the Used Data

Table 1 provides an overview of the assets used in the portfolio optimization procedures and 

their respective asset classes. Subsequently, equities, fixed income, commodities and real estate 

will be referred to as traditional assets. In contrast, BTC and the Crypto Currency Index 30 

(CCI30), an index that captures the broad movement of the crypto market (Rivin & Scevola, 

2017), will be referred to as crypto assets. CCI30 was selected due to its transparent and strictly 

mathematical derivation and because it is the longest existing broad crypto index. This enables 

a longer OOS period, which is of high relevance, considering the youth of crypto assets. The 

indices for the traditional assets have been selected as they represent broad portfolios within 

their respective asset class. The FTSE EPRA Nareit Developed Index is used as a proxy for real 

estate, as it globally tracks the performance of listed real estate companies and real estate 

investment trusts (REITs) across different types of properties (residential, office, etc.) while 

offering liquidity, investment accessibility and data availability. The main asset classes in 

classical portfolio optimization procedures – equities and fixed income – are represented by 

two indices to capture specific subgroups: industrial and emerging economies for equities and 

government and corporate bonds for fixed income.

Table 1: List and Classification of Assets Used for Portfolio Optimization including Abbreviations

For each traditional asset, the daily total return index was downloaded from Refinitiv 

Workspace. The BTC price history was downloaded from CoinMarketCap, a leading crypto 

data provider, using the R-package crypto2 (Stoeckl & Vent, 2024), while the CCI30 data was 

extracted directly from its website (Rivin, Scevola, Davis, & Yaron, 2025). All downloaded 

time series are denominated in USD for consistency. The risk-free rate was downloaded from 

the Kenneth R. French - Data Library (French & Fama). Each time series starts at the first 

available data point after or equal to January 1, 2015 and ends with the last available data point 

before or on December 31, 2024. This results in 2,608 daily return observations. The starting 

date was set from 2015 onwards, as the CCI30 index is only available thereafter. Additionally, 

2015 marks the first year in which crypto assets continuously exhibited trading volumes above 
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ten million USD. Thus, market liquidity can be assumed sufficient to support regular 

rebalancing. 

Table 2: List of Created Asset Spaces

Table 2 provides an overview of the created asset spaces. Each asset space is subsequently 

created in a version including CCI30 and a version including BTC. This is conducted to evaluate 

whether crypto assets contribute additional value in all asset spaces or if their potential benefits 

are limited to specific settings, as the benefits might also be attainable through diversification 

across a broader set of traditional assets themselves. The main comparison will be performed 

between purely traditional portfolios and versions that include the CCI30. In contrast, the BTC 

versions will mainly be used in robustness tests to verify whether potential crypto effects 

depend on the selection of the crypto asset.

3.3 Portfolio Optimization Techniques

Table 3 provides an overview of the portfolio optimization techniques used. The techniques can 

be subdivided into approaches that (1) attribute equal weights to each asset according to a naïve 

1/N rule, (2) focus on minimizing risk measures, (3) focus on maximizing returns, (4) focus on 

optimizing the risk-reward trade-off, (5) maximize the expected utility of investors.

Table 3: List and Classification of Portfolio Optimization Techniques including Abbreviations
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3.3.1 Constraints Applied to all Portfolios

All portfolios are implemented including a 8full investment9 constraint, meaning that the sum 

of the weights �Ċ of all risky assets must be equal to 100%. A rolling investigation of the 

condition number of the covariance matrices for each created asset space shows that they 

become numerically unstable/ill-conditioned once either BTC or CCI30 is added. A more 

detailed overview can be seen in Appendix A.2. Jagannathan and Ma (2003) show that imposing 

a short sale constraint on portfolio weights, even though seemingly wrong, is effectively similar 

to using a shrinkage estimator for the covariance matrix. The constraint thus helps to stabilize 

the covariance matrix and reduce the effect of sampling error. Therefore, approaches based on 

shrinking the covariance matrix (e.g. Best and Grauer; Ledoit and Wolf; Ledoit and Wolf (1992; 

2004b; 2004a)) will not be applied. Instead, this thesis will perform all subsequently listed 

portfolio optimization techniques including a short sale constraint: �Ċ g 0 for all Ċ = 1, & , þ. 

This constraint reflects a realistic, practical case, as many investors are short sale restricted. 

Furthermore, it typically positively impacts a portfolio9s risk-adjusted OOS performance. 

Another argument supporting the introduction of this constraint is that it was not easily feasible 

to short crypto assets before the CME Group introduced BTC futures in December 2017 (CME 

Group, 2017). Additionally, all subsequently described optimization techniques will solely 

invest in the risky assets.

3.3.2 Notation for Portfolio Optimization Techniques

In the following introduction of the optimization techniques, � ∈ ℝĄ is a vector of length Ą of 

the portfolio weights, � ∈ ℝĄ is a vector of ones, �Ĉ ∈ ℝĄ is a vector of the expected asset 

returns, �� ∈ ℝĄ × Ą is the expected covariance matrix of asset returns, �Ĉ ∈ ℝĄ is a vector of 

individual asset volatilities, �ā ∈ ℝĄ is a vector of the expected asset excess returns, �ā ∈ℝĄ×Ą is the expected covariance matrix of asset excess returns, ĈČ ∈ ℝ is the risk-free rate, �Ċ ∈ ℝĄ is the return vector at time Ċ, �Ċ ∈ ℝĄ is the excess return vector at time Ċ, Ā ∈ ℝ is 

the number of time-periods, � is the risk aversion of an investor, ÿ ∈ (0,1) is the confidence 

level for the Conditional Value at Risk (in this thesis 0.95) and ÿĂćþ� denotes the Conditional 

Value at Risk at the previously specified confidence level computed using the historical 

distribution of (excess) portfolio returns.

3.3.3 Naïve Equally-Weighted Portfolios

DeMiguel et al. (2009) find that none of a broad set of 14 models across seven asset spaces can 

consistently outperform the 1/N portfolio in terms of SR or certainty equivalent (CEQ) returns. 
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Hence, this model will be applied and partly be used as a benchmark for other strategies. The 

vector of portfolio weights � is retrieved according to the formula: �Ċþý = 1/Ą, where Ą is the 

number of risky assets. This naïve approach neither performs any optimization nor does it rely 

on historical data. In this thesis, the 1/N portfolios will be constructed in two ways, namely 

(1) with rebalancing (ew) and (2) with an even simpler buy-and-hold approach (ew_bh).

3.3.4 Risk-Based Approaches

Global Minimum Variance Portfolios
The Global Minimum Variance Portfolio (gmv) aims to minimize the expected portfolio 

variance and does not consider returns. It is the leftmost point on the mean-variance efficient 

frontier with only risky assets. The only input parameter required to derive the gmv is the 

covariance matrix estimate. As this thesis operates under a long-only constraint, where the 

closed-form solution is no longer applicable, the weights are estimated using a numerical solver 

for the following optimization problem: min� �⊤�Ĉ� (1)
Minimum Conditional Value at Risk Portfolios
Asset returns often exhibit heavy tails and do not follow normal distributions (Cont, 2001). This 

is especially true for crypto assets (compare section 2.2.1). Therefore, approaches that use 

alternative risk measures will be applied. The CVaR approach, first introduced by Rockafellar 

and Uryasev (2000; 2002), is an optimization framework which considers higher moments and 

their respective risks. Using the CVaR as the risk estimate is especially beneficial for investors 

who care about minimizing the risk of significant losses. The first portfolio based on this risk 

metric is the minCVaR portfolio, which aims to minimize CVaR without considering expected 

returns. It is comparable to the gmv but solves a different optimization problem of the form:min� ÿĂćþ�(�⊤�Ċ) (2)
Risk Parity Portfolios with Equal Risk Contribution
Another common, purely risk-based allocation strategy is the risk parity portfolio with equal 

risk contribution, subsequently referred to as ERC. According to Petukhina et al. (2021), this 

strategy is amongst the best-performing strategies when combining crypto assets with 

traditional ones. The concept of the ERC approach is to assign weights to each asset so that they 

contribute equally to the total portfolio9s volatility. It thus diversifies risk rather than capital and 
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can increase robustness when working with uncertain return estimates (Maillard, Roncalli, & 

Teïletche, 2010). 

Using the Euler decomposition allows the volatility of a portfolio ÿÿ(�) = √�⊤�Ĉ� to be 

presented in the following form:

ÿÿ(�) = ∑ ÿÿ Āÿÿ(�)ĀÿÿĄÿ=1  (3)
Where the term following the summation defines the risk contribution of asset ÿ to the portfolio 

in absolute terms. The ERC portfolio is derived by solving for ÿ such that:

ÿÿ(ÿ) = 1Ą ÿÿ(�) (4)
∀ÿ ∈ {1, & , Ą}

In the setting of this thesis, a numerical optimization approach to minimize the squared 

deviations of the relative risk contributions from their target level (1/N) is used:

min� ∑ (ÿÿ[�Ĉ�]ÿ�⊤�Ĉ� 2 1Ą)2Ąÿ=1 (5)
Maximum Diversification Portfolios
Instead of minimizing risk measures, the Maximum Diversification Portfolio (maxDiv) is an 

asset allocation technique that maximizes the diversification ratio, thus aiming to achieve the 

largest possible risk reduction through diversification. This technique is proven to outperform 

traditional portfolios in certain settings, especially when asset correlation structures tend to be 

unstable (Choueifaty & Coignard, 2008; Choueifaty, Froidure, & Reynier, 2013). The 

diversification ratio to be maximized is defined as:

Āþ(�) = �⊤�√�⊤�Ĉ� g 1 (6)
The portfolio is obtained by numerically solving the following optimization problem:max� Āþ(�) (7)
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3.3.5 Return-Based Approach

Maximum Return Portfolios
The Maximum Return Portfolio (maxR) can be interpreted as the opposite of the gmv. It is 

obtained by purely maximizing expected returns, regardless of risk estimates, and can be 

created purely based on the return estimates. In a long-only framework, this strategy typically 

attributes 100% of the weight to the asset with the highest expected return at each time Ċ. As it 

does not consider risk, it is generally not part of the mean-variance efficient frontier. The 

optimization problem to be solved is: max� �⊤�Ĉ (8)
3.3.6 Risk-Adjusted Return-Based Approaches

Maximum Sharpe Ratio Portfolios
The maximum SR portfolio (maxSR) is based on the mean-variance approach and is also 

commonly referred to as the tangency portfolio. This portfolio maximizes the expected excess 

return per unit of its standard deviation. In an unconstrained setting, it can be obtained using a 

closed-form solution and would be equal to the mean-variance utility maximizing portfolio for 

an investor with a risk aversion ā of 1. In the constrained setting of this thesis, the optimal 

solutions of the mean-variance utility maximizing portfolio and the tangency portfolio might 

differ, as the constraints change the efficient frontier. Therefore, the maxSR portfolio is 

implemented using a numerical solver for the following optimization problem:

max� �⊤�ā√�⊤�ā� (9)
Maximum STARR Ratio Portfolios
This portfolio maximizes the ratio between the expected excess returns and the CVaR, which is 

known as the Stable Tail Adjusted Return Ratio (STARR). It is part of the previously mentioned 

portfolio construction techniques that replace variance with a different risk estimate (see 

minCVaR) and closely related to the SR maximizing portfolio. The numerical optimization 

problem to be solved is defined as:

max� �⊤�āÿĂćþ�(�⊤�Ċ) (10)
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3.3.7 Utility-Based Approaches

Mean-Variance Utility Maximizing Portfolios
Markowitz9s groundbreaking approach of mean-variance optimization is typically seen as the 

cornerstone of modern portfolio theory. The key assumption is that investors construct their 

portfolios solely based on expected returns and risk, which is measured by variance. He 

proposes a framework that enables the investor to construct portfolios that maximize expected 

utility based on an investor's risk aversion by finding the sweet spot of the trade-off between 

expected risk and return (Markowitz, 1952). The optimization problem in this setting is:

max� �ā⊤� 2 ā2 �⊤�ā� (11)
Bayes-Stein Shrinkage Mean-Variance Portfolio

Based on the ideas of Stein (1955) and James and Stein (1961), who pioneered shrinkage esti-

mation, Jorion (1986) proposed shrinking the means of assets towards the mean of the gmv 

portfolio. The vector of the expected Bayes-Stein mean excess returns �āþĂ is derived using:�āþĂ = (1 2 Φ)�ā + Φą0� (12)
Where the parameters Φ and ą0 are derived using a Bayesian approach:

Φ = Ą + 2(Ą + 2) + (�ā 2 ą0�)⊤�ā21(�ā 2 ą0�) (13)
ą0 = �⊤�21�⊤�21� �ā (14)

The new estimates are then plugged into the optimization problem in Equation 11, to retrieve 

the mean-variance portfolio based on shrunk mean return estimates. 

CRRA Utility Maximizing Portfolios
To find the optimal weights for investors with CRRA, utility is no longer modelled via the 

quadratic utility function. Instead, a power utility function according to Equation 15, where ă 

denotes the final wealth, is applied:

ā(ă) = ă12�1 2 ā  (15)
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This utility function assumes that the investor seeks to maximize the utility of final wealth and 

thus indirectly incorporates volatility and higher moments such as skewness and kurtosis. 

Assuming an initial wealth of 1, the optimization problem becomes:

max� (1 + �⊤�ā)12�1 2 ā  (16)
All utility-based approaches are implemented using a risk aversion ā of 3 in the base scenario, 

which is common in empirical studies and is used e.g. by Tu and Zhou (2011) and Campbell 

and Sigalov (2022).

The portfolio optimization techniques have been selected to balance broad coverage of portfolio 

philosophies (Risk-based, Return-based, Utility-based) and the underlying investor preferences 

with feasibility and interpretability, as well as real-world applicability and theoretical insight. 

Approaches that consider higher order moments have been explicitly included due to crypto 

assets9 heavy tails. The selected techniques allow the assessment of potential performance 

enhancements from different perspectives and enable benchmarking between strategies to 

investigate whether complex techniques add more value. 

The portfolio weights are generally obtained using the R-package PortfolioAnalytics (Peterson 

et al., 2024a). For the maxDiv and ERC portfolios, the R-package RiskPortfolios (Ardia, Boudt, 

& Gagnon-Fleury, 2021) is used. The derivation of the shrunk return estimates in the 

Bayes-Stein approach is performed using the R-package HDShOP (Bodnar, Dmytriv, Okhrin, 

Otryakhin, & Parolya, 2024).

3.4 Rolling Window Approach

The portfolio weights for each strategy/asset space combination are derived using a rolling 

window approach. The model9s input parameters are estimated over a window with a fixed 

range that moves one step (day, week or month) ahead at each application. The input parameters 

are estimated over Ċ 2 Ā + 1 to retrieve the weights applicable until the next rebalancing. The 

rolling window allows a dynamic evolution of the model9s input parameters, which captures 

changes within them. The length of the rolling window Ā is set to 252 days following Petukhina 

et al. (2021) and Platanakis and Urquhart9s (2020) choice of one year as the window size. This 

window size is assumed to be sufficient to retrieve solid estimates yet flexible to accommodate 

changes such as structural breaks or regime shifts.
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Figure 1: Visualization of Rolling Window Logic - Example with Monthly Rebalancing

Subsequently, a buy-and-hold approach between rebalancing dates is applied for the return 

calculation. The retrieved weights from the optimization are applied at time Ċ + 1 and are 

allowed to drift according to the assets9 cumulative performance up until the next rebalancing 

date. The resulting daily drifted weights are then multiplied with the actual OOS returns of the 

used assets at each time Ċ to calculate the daily OOS returns of the respective strategy. This 

method allows the calculation of accurate daily return series, adequately captures the behavior 

between rebalancing dates, and enables a proper assessment of the OOS performance regarding 

wealth paths and risk measures.

3.5 Portfolio Performance Measures

To provide a comprehensive comparison between the constructed portfolios, a broad set of 

portfolio performance measures, which are subdivided into (1) descriptive statistics, 

(2) downside and tail risk measures, (3) risk-adjusted return measures, (4) utility-based 

performance measures, and (5) others, will be calculated and compared across different 

scenarios (e.g., traditional versus (vs.) crypto-enhanced portfolios). An overview of all 

performance metrics, including a formal definition, is provided in Appendix A.3.

3.5.1 Main Performance Metrics

The main measures to answer the RQs are (1) risk-adjusted return and (2) utility-based 

performance measures, as well as (3) cumulative returns. They are selected with a specific 

purpose as they assess portfolio performance from different perspectives. The SR, introduced 

by Sharpe (1966), measures the excess returns þ per unit of risk, which is measured as the 

standard deviation ÿā of the excess returns and can still be considered the gold standard in 

assessing a portfolio9s performance. As the SR can be misleading if the return distribution is 

not normal, several modifications are introduced. (1) The adjusted SR, following Pezier and 

White (2006), which penalizes negative skewness and high (excess) kurtosis. (2) The Sortino 

Ratio, which uses downside deviation, i.e. the standard deviation of excess returns below a 
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certain threshold (zero in this thesis), as the risk measure and thereby ensures that only negative 

volatility is punished (Sortino & Price, 1994). (3) The STARR, which uses CVaR as the 

denominator and thereby puts strong emphasis on the downside tail risk.

The second key section of the metrics contains the utility-based CEQ return measures, which 

are calculated for both the quadratic and the CRRA utility functions. They represent the 

guaranteed return an investor would require to be indifferent between the risk-free return and 

investing in a risky portfolio.

As none of the previously mentioned metrics adequately addresses the wealth path, cumulative 

returns will be calculated and assessed. The remaining measures serve mainly simple 

comparison purposes, whereas the portfolio turnover gives an intuition about the amount of 

trading needed to implement the strategies and is used to introduce a proxy for transaction costs 

in a robustness test.

3.6 Procedures for Paired Portfolio Comparisons

The statistical significance of differences between traditional and crypto-enhanced portfolios is 

assessed via a bootstrapping procedure. This non-parametric method is applied, as it relies on 

fewer assumptions regarding distribution and dependence structure. These assumptions are 

often violated by financial return data, which is also the case in this thesis (see Appendix A.4). 

To account for the presence of autocorrelation, a block-bootstrapping approach that preserves 

the time-series dependence by resampling blocks of sequential returns is used. The procedure 

is performed with a fixed block length of 21 (approximately one trading month) and 1,000 

replications . Every replication gives a new bootstrapped pair of return series from which the 

difference of the performance measure of interest is calculated. Subsequently, the two-sided 

p-value is derived by:

Ć =  1þ ∑ ą(|ĂĀ 2 Ăă| > |ĂąĀĉ|)āĀ=1 (17)
Where ĂąĀĉ denotes the observed difference of the metric from the original portfolios, while ĂĀ 

denotes the bootstrapped differences with mean Ăă and þ replications. This procedure is used 

for all metric comparisons besides SRs.

 The parameters have been determined as a trade-off between reliability of results, simplicity and 
feasibility regarding computational capacity. Tests with other parameters (up to block length 30 and 5,000 
replications) displayed very similar results and can be downloaded under the link provided in Appendix 
A.35.
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Differences in the SRs are evaluated using the testing procedure suggested by Ledoit and Wolf 

(2008), which accounts for non-normality and heteroskedasticity in returns. 

To calculate the measures and perform the tests for statistically significant differences, the 

R-packages PeerPerformance, PerformanceAnalytics, boot and e1071 are used (Ardia, Boudt, 

Bouamara, & Legros, 2024; Canty, Ripley, & Brazzale, 2024; Meyer et al., 2024; Peterson et 

al., 2024b).

3.7 Fixed-Effect Panel Regression Analysis

In addition to the previously described procedures for paired portfolio comparisons, a panel 

regression analysis is applied to examine the impact of adding crypto assets on portfolio 

performance in more detail.

Base Model Specification: The base model follows the regression equation:ąÿ,Ċ = Ā0 + Ā1ÿĈ�ĆĊąÿ,Ċ + Ā2ÿĊĈćĊċč�Ăāÿ + Ā3ąċćĈĂāĊ + Ā4ýĉĉċĊÿĆćĉċĂāÿ + āÿ,Ċ (18)
Where ąÿ,Ċ denotes the 21-day rolling portfolio performance metric for portfolio ÿ at time Ċ, and ąÿ,Ċ ∈ {ÿþ, ÿąĈĊÿĄą, ÿĀýþþ, ýĂ ÿāý, ÿþþý ÿāý}. ÿĈ�ĆĊąÿ,Ċ is a binary variable that 

indicates whether the portfolio includes crypto exposure, ÿĊĈćĊċč�Ăāÿ denotes strategy 

fixed-effects (FE), ąċćĈĂāĊ denotes year FE, ýĉĉċĊÿĆćĉċĂāÿ denotes asset space FE, and āÿ,Ċ 

denotes the error term.

The regression analysis is only performed for the key performance metrics (SR, Sortino Ratio, 

STARR, MV CEQ and CRRA CEQ returns), in line with the definition of risk-adjusted return 

and utility-based metrics being the main performance metric categories. Further control 

variables that capture asset-specific or market-wide effects are explicitly not used, as all 

portfolios are constructed with the same assets and across the same time frame. Asset-specific 

and market-wide variables would thus affect all portfolios equally at any given time. The use 

of a fixed-effects model enables to control for systematic differences across strategies, asset 

spaces, and time periods and thus isolates the average effect of crypto asset inclusion.

Extensions via Interaction Terms: To specifically investigate if the value added through 

crypto inclusion varies over time or across strategies and asset spaces, the following interaction 

terms are added individually: ÿĈ�ĆĊąÿ,Ċ × ąċćĈĂāĊ, ÿĈ�ĆĊąÿ,Ċ × ÿĊĈćĊċč�ĂāĊ, ÿĈ�ĆĊąÿ,Ċ ×ýĉĉċĊÿĆćĉċĂāÿ. This results in three sub-models, which allow the assessment of specific 

aspects of the main RQs.
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OLS Assumption Diagnostics and Estimation Method: The regressions are estimated using 

ordinary least squares (OLS). Thus, the core assumptions of OLS estimation are tested. The 

linearity of relationships is assessed by plotting the residuals against the fitted values. The 

normality of the residuals is tested using a Jarque-Bera (JB) test, homoskedasticity is tested 

using an autoregressive conditional heteroskedasticity (ARCH) test, and independence is tested 

using a Ljung-Box (LB) test. The ARCH and LB tests are performed up to lag 21. The 

respective results can be found in Appendix A.5. As all assumptions are violated across all 

model specifications, heteroskedasticity and autocorrelation consistent (HAC) standard errors 

are used to calculate the p-values. Specifically, this thesis uses the NeweyWest function from 

the R-package sandwich, which provides HAC variance-covariance matrices (Newey & West, 

1987; Zeileis, Lumley, Graham, & Koell, 2024). NeweyWest is optimized for linear models and 

directly implements a Bartlett kernel with user-specified lag length, ensuring computational 

efficiency for large datasets. A maximum lag of 21 is set manually (corresponding to 

approximately one trading month), consistent with the block-bootstrapping approach. This 

HAC variance-covariance matrix is then passed into the coeftest function from the R-package 

lmtest to calculate the p-values while accounting for heteroskedasticity and autocorrelation 

(Hothorn et al., 2022). Through the consistent introduction of HAC standard errors in the 

p-value calculation across all regressions, the reliability of reported p-values is assured.

4 EMPIRICAL ANALYSIS

4.1 Statistical Properties of Asset Returns

Before applying the previously described optimization techniques, a thorough analysis of the 

return series of the eight assets will be conducted. This section aims to familiarize with and gain 

the first insights from the data set. These insights were not used in the optimizations due to the 

rolling window approach.

4.1.1 Performance Measures

The summary statistics of the dataset are mainly in line with what the literature suggested 

(compare section 2.1.1). Table 4 shows the annualized mean returns, standard deviations, and 

other metrics. It is observable that the two crypto assets offered the highest returns over the 

considered sample period but also displayed excessively high volatility, larger maximum 

drawdowns and a lower CVaR (a larger expected loss in the 5% worst-case scenarios). 
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Nevertheless, crypto assets offer high SRs (0.69 to 0.89), which only MSCI World can match 

amongst traditional assets.

Table 4: Asset Returns – Key Metrics (2015 – 2024)

A negative SR is observable for the FTSE World Government Index, indicating that its excess 

returns have been below the risk-free rate, which is estimated via one-month US treasury bills.

4.1.2 Time-Series Diagnostics

Normality: The application of JB tests on the time series of asset returns reveals that the 

hypothesis of normally distributed returns can be rejected for all assets at any reasonable level. 

The QQ-plots in Appendix A.7 further support this.

Stationarity: The plots of the return series (Appendix A.8) and the conducted ADF tests reject 

the hypothesis of a unit root (non-stationarity) for each asset.

Autocorrelation: According to LB tests, the hypothesis that there is no autocorrelation up to 

lag 30 can be rejected at any reasonable level for equities, fixed income, FTSE EPRA Dev, and 

CCI30, but it cannot be rejected for S&P GSCI and BTC.

Heteroskedasticity: The null hypothesis of the ARCH test, stating that no ARCH effects are 

present, can be rejected for all assets at a 1% significance level, leading to the conclusion that 

ARCH effects (heteroskedasticity) are present in the data set.

These properties are typical for financial return series (compare, e.g., Cont (2001)) and provide 

a rationale for applying portfolio optimization techniques that account for skewness and heavy 

tails. The following Table 5 summarizes the results and displays the p-values of the respective 

tests.



23

Table 5: Asset Returns - P-Values of Time-Series Diagnostics (2015 - 2024)

4.1.3 Correlation Analysis

Table 6's pairwise correlation matrix over the whole sample period shows that BTC and the 

CCI30 have low to moderate correlations with traditional assets, with correlation coefficients 

ranging from 0.02 to 0.25 (Pearson) and 0.00 to 0.20 (Spearman). The highest correlations with 

traditional assets can be observed with the MSCI World and FTSE EPRA Dev, while all 

correlations with the fixed-income indices are below 0.05. The correlation between BTC and 

CCI30 shows coefficients above 0.8, as BTC is one of CCI309s main constituents. Among 

traditional assets, relatively high correlations (above 0.5) are observable within asset classes 

(MSCI World and MSCI EM, FTSE World Gov and FTSE US Corp) and between equities and 

the FTSE EPRA Dev.

Table 6: Pairwise Correlations for Individual Asset Returns (2015 - 2024)

To capture potential changes in the correlation structures over time, rolling correlations using a 

252-day window have been calculated. Appendix A.10 shows these rolling Pearson correlations 

for BTC and CCI30 compared to all other assets. In line with the results from the literature 

review, correlations between crypto assets and the MSCI World have risen after COVID-19 and 

have reached coefficients close to 0.5 between the end of 2022 and the beginning of 2023. 

However, they seem to have lowered again afterwards. Such temporal increases between 2021 

and 2023 can be observed with most traditional assets but with a weaker magnitude and are 

mostly followed by a phase of decreasing correlations. These findings suggest that adding 
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crypto assets to portfolios potentially still enhances portfolio performance, but they also imply 

that there might have been a period with weaker benefits from crypto inclusion.

4.2 Analysis of In-Sample Efficient Frontiers

To provide an initial indication of whether the inclusion of crypto assets enhances portfolio 

performance, the in-sample mean-variance and mean-CVaR efficient frontiers under a 

long-only constraint are created for each asset space in the following versions: (1) traditional 

assets only, (2) including CCI30, (3) including BTC. These efficient frontiers represent the set 

of portfolios offering the best possible return for a given level of risk. They are shown in 

Appendix A.11.1 (mean-variance) and A.11.2 (mean-CVaR).

In both cases, the efficient frontiers are strongly extended in the upper-right sections once crypto 

assets are included. This suggests that investors willing to bear high (tail) risk can create a 

broader set of efficient portfolios. Moreover, the efficient frontiers of portfolios consisting of 

only traditional assets are consistently dominated by the crypto-enhanced versions in each asset 

space. The degrees of dominance show no substantial observable differences between asset 

spaces. These findings strongly suggest that crypto assets add value to portfolios created under 

a mean-variance or mean-CVaR framework. Since the results are similar across asset spaces, 

even well1diversified portfolios consisting of equities, fixed income, commodities, and real 

estate will likely benefit from the addition of crypto assets. This finding is independent of 

whether CCI30 or BTC is added. However, these benefits are purely theoretical and their 

practical relevance needs to be confirmed in the OOS analysis.

4.3 Analysis of Assigned Weights

After the application of all previously mentioned optimization techniques, this section analyzes 

the weights assigned to the portfolios including crypto assets. The assigned weights to crypto 

assets vary noteworthy across strategies. It is clearly observable that risk-based approaches 

assign low or even close to zero weights to crypto assets. The gmv and minCVaR consistently 

allocate below 1%, whereas ERC and maxDiv assign weights up to 7.2% in single periods, with 

overall averages ranging from 2.4% to 3.6% depending on the asset space considered. The only 

exception is the ERC strategy in the simple asset space, where weights are considerably higher. 

The maxR strategy typically assigns 100% to the asset with the highest expected return and, 

therefore, allocates significant weights to crypto assets except in 2022. The maxSR portfolios 

assign between 18.2% and 24% to crypto assets, while maxSTARR portfolios assign between 

6.6% and 13.1%. Both strategies show substantial variations across the years under 
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investigation. These strong variations are also observable for the utility-based approaches which 

range from close to 0% in 2022 to almost 100% in 2017 and 2024. On average, the mv portfolios 

assign roughly 30%, whereas the bs-mv strategy assigns about 16%, likely smaller due to the 

shrinkage of expected returns. The crra strategy assigns higher weights with overall averages 

between 44.3% and 56.2%. The assigned weights seem to not strongly depend on the crypto 

assets used, as portfolios including either CCI30 or BTC show similar crypto allocations. A 

Table providing an overview and plots per strategy can be found in Appendix A.12.

4.4 Evaluating the Impact of Crypto Assets on Portfolios

The primary analysis to answer RQ1 is a paired portfolio comparison between traditional 

portfolios and those including CCI30. The analysis spans all strategies, asset spaces and 

performance measures under monthly rebalancing and is complemented by a panel regression 

analysis with a crypto dummy and several FEs.

4.4.1 Paired Portfolio Comparisons – Impact of Crypto Assets

Descriptive Statistics: Mean returns significantly increase for most strategies (ew, ew_bh, 

maxDiv, maxR, and all utility-based approaches) across all asset spaces, once crypto assets are 

added. Other strategies show varying significance depending on the asset space. Standard 

deviations significantly and consistently (across strategies and asset spaces) increase at the 1% 

level, with the exceptions of gmv and minCVaR, where increases are less consistent. Changes 

in skewness and kurtosis were more heterogeneous. Skewness increased (or negative skewness 

was reduced) for the equally-weighted and utility-based approaches and maxR, whereas it 

consistently decreased for gmv. Excess kurtosis consistently increased for gmv, maxSR and all 

utility-based techniques, while it decreased for the equally-weighted techniques.

Drawdown and Tail Risk Measures: Maximum drawdown increases across almost all 

strategy/asset space combinations with exceptions including gmv, minCVaR, ERC and 

maxSTARR in certain asset spaces. These increases are significant for ew_bh, maxR, and the 

utility-based approaches, at least at the 5% level. For maxSR and ew, the increases are not 

consistently of statistical significance, whereas they do not show any statistical significance for 

minCVaR, ERC, maxDiv and maxSTARR. Tail risk, measured by the CVaR at the 95% 

confidence level, increased statistically significantly, at least at the 5% level, across nearly all 

strategy/asset space combinations besides gmv and minCVaR. The same pattern can be 

observed for downside deviation. These results allow to conclude that including crypto assets 
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generally increases risk measures, with exceptions when applying a purely risk-based allocation 

approach.

Risk-adjusted Return Measures: Including crypto assets typically increases returns and risk 

measures. In this section the risk-adjusted return measures will be evaluated to investigate 

whether the return benefits over- or undercompensate the added risk. Surprisingly, consistent 

increases in the SRs are observable for all portfolios except those constructed with maxSR, 

which are specifically designed to maximize this measure. The increases show consistent 

statistical significance for the ew, maxDiv, mv and bs-mv strategies, whereas the significance 

depends on the asset space for ERC, maxR, maxSR, maxSTARR and crra. The differences in 

adjusted SRs are not significant in any case. However, they increase in 88.3% of the examined 

scenarios. The Sortino Ratio increases in 95% of all examined scenarios. However, only ew and 

maxDiv show constant statistical significance (10% level for ew, 1% level for maxDiv). ERC, 

maxR, maxSR, maxSTARR and crra only show significant improvements in certain asset 

spaces, whereas the other strategies do not significantly benefit from including crypto assets. 

The results for the STARRs mainly mirror those of the Sortino Ratios. The results indicate that 

the increase in mean returns mostly outweighs the increased risk measures. Significant 

increases in terms of risk-adjusted return measures, however, vary depending on the 

strategy/asset space combination under consideration. 

Utility-based Measures: MV CEQ and CRRA CEQ returns increase in 86.7% and 78.3% of 

the scenarios. The increases are consistently statistically significant for ew (at least at the 10% 

level), and maxDiv (at the 1% level). For ERC and maxSTARR, the statistical significance 

depends on the asset space under consideration, whereas all other strategies do not exhibit 

significant improvements once CCI30 is added. The only strategies showing notable 

deteriorations are ew_bh, maxR and maxSR. 

Other Metrics: To assess whether the amount of trading needed to implement the strategies 

differs between traditional and crypto portfolios, turnover is calculated. For gmv, minCVaR, 

and maxDiv, the average changes in monthly turnover are relatively small (below 0.5 

percentage points (pp) across asset spaces). ERC and crra show average monthly turnover 

increases of 6.1 and 4.7 pp, with single scenarios increasing by up to 10.3 pp. For the other 

strategies, increases mainly depend on the asset space considered. It is clearly observable across 

strategies that adding CCI30 increases the required amount of trading the strongest within the 

simple asset space, while the differences are smaller (or even negative) in broader asset spaces. 
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Cumulative wealth increased in 96.7% of the scenarios considered. The amount of 

outperformance in cumulative wealth differs strongly between strategies, with ew_bh, maxR, 

mv and crra exhibiting the most substantial increases. The information ratio (IR) is positive and 

thus indicates an improvement in 96.7% of the scenarios. The highest IRs are observed for ew, 

maxDiv and all utility-based approaches, which consistently exhibit IRs above 1.0, thus 

indicating a strong outperformance from crypto-enhanced portfolios compared to the traditional 

portfolios.

The detailed outcomes of all paired portfolio comparisons, including visualizations, can be 

found in Appendix A.13.

4.4.2 Regression Analysis – Impact of Crypto Assets

The results from the FE panel regression analysis (see Appendix A.14 and A.15) reinforce those 

of the paired portfolio comparisons. The coefficients on the crypto dummy are positive and 

statistically significant across all five performance metrics considered (SR, Sortino, STARR, 

MV CEQ and CRRA CEQ returns), also after controlling for FEs for strategy, year and asset 

space. The magnitudes of the crypto dummy coefficients vary depending on the performance 

measure under consideration and are modest in some cases. On average, however, 

crypto-enhanced portfolios exhibit superior performance at least on the 5% significance level. 

Several significant coefficients for StrategyFE and YearFE indicate that the portfolio 

optimization technique and the prevailing market conditions influence the performance of the 

constructed portfolios (traditional and crypto-enhanced). This will be assessed in further detail 

in the subsequent sections 4.5 and 4.6. By contrast, AssetSpaceFE and Crypto x AssetSpaceFE, 

the interaction term between crypto exposure and asset space FE, are not significant in any 

model and display mixed signs. This suggests that performance differences between the 

portfolios overall and crypto-enhancement effectiveness do not systematically depend on the 

asset space under consideration.

4.4.3 Overall Assessment – Impact of Crypto Assets

Overall, the conducted analyses allow to conclude that adding crypto assets – represented by 

the CCI30 – significantly increases mean returns, volatility and other risk metrics in most 

scenarios. Moreover, it mainly offers improved performance in terms of risk1adjusted1return 

metrics, utility1based metrics, cumulative wealth and IR, as the increased returns typically 

outweigh the increased risk. However, the significance and magnitude of these increases depend 

on the strategy under consideration. Furthermore, performance improvements do not 
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significantly differ between the asset spaces considered. This implies that crypto assets add 

value not only in simple scenarios but also for already well-diversified portfolios, including 

commodities and real estate. In sum, crypto enhancement tends to offer benefits. Nevertheless, 

the excessively increased risk and tail risk measures must be considered carefully.

4.4.4 Robustness Tests – Impact of Crypto Assets

Several block-bootstrapping-based robustness tests are conducted to verify the previously 

derived results. The traditional portfolios are (1) compared to portfolios in which BTC is added 

instead of CCI30, (2) evaluated under weekly and daily rebalancing, (3) compared using an 

expanding instead of a rolling window, (4) compared after introducing a gens constraint, and 

(5) compared while incorporating a proxy for transaction costs.

For most of the performed robustness tests, the results do not change significantly and only 

show minor deviations for single strategies. The robustness test which introduces a gens 

constraint even displays a higher number of significant benefits. In contrast, incorporating a 

proxy for transaction costs lowers the absolute differences between traditional and 

crypto-enhanced portfolios, but has minor effects on their significance. Given that the 

block-bootstrapping-based robustness tests reveal no material differences, the FE panel 

regressions will not be re-estimated for the robustness tests. A detailed discussion of each 

performed robustness test can be found in Appendix A.16.

4.5 Assessing Time-Varying Performance

This chapter addresses the second RQ and assesses whether a potential performance 

improvement through including crypto assets is time varying and has diminished or even 

disappeared after the COVID-19 crisis. First, the OOS period is split into two sub-periods 

(1) the pre-COVID period lasting until January 31, 2020, and (2) the post-COVID period 

starting on April 1, 2020. February and March 2020 are excluded to avoid bias from the main 

COVID market crash. Subsequently, both subperiods are assessed individually to determine 

whether CCI30 improved performance in each of them. Afterwards, a comparison of those 

results is performed. COVID-19 is used as a breakpoint, as previous literature (compare 

sections 2.2.2 and 2.3.2) argues that it might represent a structural shift (e.g., increased 

correlations between crypto assets and traditional asset classes). To assess potentially 

time-varying performance on a more granular basis, the rolling differences of main performance 

metrics are analyzed, and a FE panel regression analysis is performed.
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4.5.1 Paired Portfolio Comparisons – Pre- vs. Post-COVID:

Descriptive Statistics: Pre-COVID, mean returns increased across all scenarios, with an 

average improvement of 39.2 pp. These increases are consistently significant for ew, maxDiv, 

maxR, and all utility-based strategies, while their significance depends on the asset space for 

ERC, maxSR, and maxSTARR. Post-COVID, mean returns increased in 96.7% of the 

scenarios, but with a reduced average increase of 14.4 pp. In this period, significant increases 

can be observed for ew, ew_bh and maxR across all asset spaces and ERC, maxDiv and 

maxSTARR, depending on the asset space. Notably, the utility-based techniques no longer 

exhibit significant improvements at the 10% level post-COVID. Volatility rose in 96.7% 

(pre-COVID) and 100% (post-COVID) of the scenarios considered. Pre-COVID, these 

increases show consistent statistical significance for ew, maxDiv, maxR and all utility-based 

techniques, while significance depends on the asset space for ERC, maxSR and maxSTARR. 

Post-COVID only ew, ew_bh and maxR show consistently higher volatility with statistical 

significance, while ERC, maxDiv and maxSTARR only show it across certain asset spaces. 

Skewness improvements (increased positive or reduced negative skewness) were prevalent in 

78.3% of the scenarios pre-COVID but notably diminished to 26.7% post-COVID. Kurtosis 

increased in 85% of the scenarios pre-COVID and 58.3% post-COVID.

Drawdown and Tail Risk Measures: Maximum drawdowns significantly increased by at least 

0.5 pp more often pre-COVID (on average 29.3 pp in 80% of the scenarios) than post-COVID 

(on average 17.4 pp in 76.7% of the scenarios). In both periods, the increases are consistently 

significant for ew, ew_bh, maxR and crra and significance depends on the asset space for 

maxSR. Pre-COVID, the increases additionally are consistently significant for mv and bs-mv 

(at the 1% level), while they are only significant at the 10% level and in certain asset spaces for 

mv post-COVID. The CVaR and downside deviations increase rather similarly in both periods, 

with gmv and minCVaR being the exceptions, which do not displaying increases of statistical 

significance at any given level.

Risk-adjusted Return Measures: SRs increase in approximately two-thirds of the scenarios 

pre-COVID, whereas they increase in 85% of the scenarios post-COVID. The main differences 

are observed for ew and ew_bh, which exhibit significantly lowered SRs at a 10% level 

pre-COVID. Significant pre-COVID improvements could be achieved with maxDiv across 

asset spaces and with maxR, maxSR, maxSTARR, mv and crra, depending on the asset space. 

Post-COVID, the techniques with significant improvements in at least one asset space are ERC, 

maxDiv and maxSTARR. The average increase in SRs is more pronounced post1COVID, even 
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though less significant improvements are observed in this period. Adjusted SRs do not exhibit 

any significant increases in both subperiods. Sortino Ratios improved in 86.7% (pre-COVID) 

and 90% (post-COVID) of the scenarios. These improvements are only statistically significant 

for maxDiv and, to some extent, maxSR, maxSTARR and crra (pre-COVID), and ERC and 

maxSTARR (post-COVID). STARRs closely mirror the results of Sortino Ratios. While the 

average increase in adjusted SRs is relatively similar across periods, Sortino Ratios and 

STARRs tend to increase slightly more pre-COVID.

Utility-based Measures: MV CEQ returns rise in 90% of the scenarios, by a remarkable 

average of 22.1 pp pre-COVID, whereas they rise by roughly 1 pp in 73.3% of the considered 

scenarios post-COVID. Significant pre-COVID improvements can be observed consistently for 

ew and maxDiv, but they depend on the asset space for ERC, maxSR, and maxSTARR. 

Post-COVID, significant increases are only observed in some asset spaces for ERC and 

maxSTARR. The results for the CRRA CEQ returns are very similar, with 88.3% (pre-COVID) 

and 73.3% (post-COVID) increases and statistical significance for the same strategy/asset space 

combinations. Similarly, the increases in CRRA CEQ returns are more pronounced pre-COVID.

Other Metrics: Before the COVID-19 crash, substantial turnover increases (> 5 pp per month) 

are only observable for ERC, maxSTARR, mv and bs-mv and they strongly depend on the 

considered asset space. Some strategies (maxSTARR, mv, bs-mv and crra) even exhibit 

substantial turnover reductions (< -5 pp per month). Post1COVID, the analysis shows 

substantial increases for ERC, maxR, maxSR, maxSTARR, mv, bs-mv and especially crra. At 

the same time, large reductions are only observable for maxR and maxSR in specific asset 

spaces. On average, including crypto assets reduced portfolio turnover by 2.6 pp pre-COVID 

while increasing it by 4.1 pp post-COVID. Cumulative wealth benefits in all considered 

scenarios pre-COVID and 93.3% of the scenarios post-COVID, however, by a lower extent in 

the latter subperiod. The strategies benefitting the most pre-COVID are maxR, mv, bs-mv and 

crra, while maxR and ew_bh benefit most post-COVID. IRs are consistently positive 

pre-COVID, while they turn negative in some scenarios (minCVaR-simple, maxSR-simple, 

-eq_fi and -epra) post-COVID. Generally, it is observable that the IRs are lower in the 

post-COVID period across all strategy/asset space combinations, with ERC and maxSTARR 

being the exceptions in certain asset spaces.

For complete statistical outcomes and visual summaries, refer to Appendix A.17.
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4.5.2 Rolling Comparison of Selected Performance Measures

To assess the previously observed differences in more detail, rolling performance measures over 

a 126-day window are calculated and plotted per strategy (see Appendix A.18). The rolling 

mean returns reveal that within pre- and post-COVID and across all strategies besides gmv and 

minCVaR, periods of out- and underperformance of the crypto-enhanced versions are 

observable. Gmv and minCVaR are the exceptions, as they hardly allocate weights to crypto 

assets and thus generally do not exhibit large differences. Furthermore, a tendency for stronger 

outperformance pre-COVID is observable, especially from 2017 to 2018. Rolling standard 

deviations show a more heterogeneous picture. The highest peaks per strategy (except for gmv, 

minCVaR and ERC) are again observed pre-COVID, while the lows typically happen within 

the post-COVID period. However, some strategies also exhibit sharp increases post-COVID, 

e.g. following the 2020 stock market crash or towards the end of the sample in 2024. This 

generally leads to rolling SRs and SR differences being higher pre-COVID. However, also the 

most considerable negative differences occur pre-COVID with only single exceptions. Sortino 

Ratio and STARR differences mostly show similar patterns. Rolling MV CEQ and CRRA CEQ 

returns exhibit comparable patterns to mean returns. However, they are shifted downwards with 

more negative differences in both subperiods. Overall, it seems like the divergence of the 

difference lines is reduced post-COVID, but in many cases an outperformance in terms of 

several of the measures is still observable. Thus, using pre- and post-COVID as a proxy for a 

structural shift seems insufficient. Even though the magnitude of differences seems to have 

changed, performance varies strongly also within subperiods. The time-varying performance 

for all measures investigated is observable across strategies and asset spaces.

To explore potential drivers of the variation in performance, explanatory regressions using 

variables such as sentiment, liquidity, regime switches, etc. are performed. As these results do 

not contribute towards the main research goals of this thesis, the methodology, results and 

summary tables are only briefly presented in Appendix A.34.

4.5.3 Regression Analysis – Time-Varying Performance

To assess whether the observed time variation of the crypto-inclusion effects in the rolling 

comparison is statistically significant, an FE panel regression analysis with the interaction term 

between crypto exposure and year (Crypto x YearFE) is conducted (see Appendix A.19). The 

crypto effect is positive and statistically significant at the 1% significance level in the baseline 

year 2016. However, the coefficients of the interaction terms show that the effect significantly 
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varies across years. Compared to the baseline year, it increases across metrics in 2017, while it 

decreases for almost all metrics in the subsequent years. The most substantial decreases are 

observed in 2018 and 2019. The net crypto effect for a given year Ċ, representing the total 

estimated impact of crypto asset inclusion in a specific year, is defined as:þċĊ ÿĈ�ĆĊą āČČċĉĊ = Ā1 + ĀÿĈÿĆĊą×�þÿĈĂā� (19)
This effect is positive across metrics in 2016, 2017, 2020 and 2021, negative across metrics in 

2018, 2019 and 2022 and mixed in the remaining years. The magnitude of the net crypto effect 

is highest in the early years and declines over time across all metrics considered. These findings 

closely align with and reinforce the patterns observed in the paired portfolio comparisons and 

rolling comparisons.

4.5.4 Overall Assessment – Time-Varying Performance

The previously presented results show that adding crypto assets benefited portfolios 

substantially before the outbreak of the COVID-19 pandemic. The changes in performance 

measures, especially utility-based measures, cumulative wealth, and the information ratio, 

indicate that the effects have decreased and lost statistical significance to some extent in the 

post1COVID period. The risk-adjusted return measures, in contrast, draw a heterogeneous 

picture depending on the strategy and metric considered and indicate that some strategies 

benefitted stronger from adding crypto assets post-COVID, while others do not exhibit 

significant benefits anymore when crypto assets are added. Across all applied analyses – paired 

portfolio comparisons, rolling comparisons and FE panel regression analysis – it is clearly 

visible that the crypto-inclusion effect is time varying not only in magnitude but even in 

direction.

4.5.5 Robustness Tests – Time-Varying Performance

To verify the results from this section, the paired portfolio comparison between the pre- and the 

post-COVID periods is performed by adding BTC instead of CCI30 to portfolios. The results 

mainly remain similar to the base scenario. This could be explained by the high correlation 

between CCI30 and BTC. As the results remain similar, the rolling metrics are not re-calculated, 

and regressions are not re-estimated. A detailed discussion of the robustness test can be found 

in Appendix A.20.
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4.6 Evaluation of Strategy Effectiveness and Design Choices

The following section assesses whether a clearly superior strategy for integrating crypto assets 

into a portfolio exists and examines different design choices. First, it investigates whether any 

of the applied asset allocation techniques can significantly outperform a naïve, ew approach. 

For this reason, the previously conducted analyses will be repeated. However, instead of 

comparing traditional portfolios to crypto-enhanced portfolios, the CCI30-ew strategy is 

compared to each other crypto-enhanced strategy within its respective asset space. 

Subsequently, several design choices, e.g. regarding rebalancing frequency, windowing 

approach, etc., are directly compared. An FE panel regression analysis again complements these 

analyses.

4.6.1 Paired Portfolio Comparisons – Strategy Effectiveness

Descriptive Statistics: MaxR and crra offer consistent and significant outperformance 

compared to the naïve ew portfolio regarding mean returns across all asset spaces at least at the 

5% significance level. The mv strategy also consistently exhibits higher mean returns but with-

out statistical significance in the simple asset space. All purely risk-based approaches 

exhibit significantly lower mean returns compared to ew. Volatility is higher in a statistically 

significant manner at the 1% level across asset spaces when maxR, maxSR, mv, bs-mv and crra 

are applied, apart from maxSR and bs-mv in the simple asset space. On the other hand, the 

risk-based approaches show a significantly lower standard deviation compared to the naïve 

portfolio across all considered asset spaces. Furthermore, maxSTARR tends to exhibit lower 

volatility, but only in a statistically significant manner within the simple asset space. The 

differences in skewness and kurtosis show heterogeneous pictures without a clear pattern.

Drawdown and Tail Risk Measures: As expected due to their design, purely risk-based 

strategies (gmv, minCVaR and maxDiv) show significantly lower drawdown and tail risk 

measures. ERC displays significantly lower CVaR and downside deviation across all asset 

spaces but does not consistently exhibit lower maximum drawdown. Significantly higher risk 

measures compared to ew can be observed when applying maxR, crra, and mv. Additionally, 

also maxSR and bs-mv mainly exhibit higher risk measures. However, those values do not 

significantly differ regarding maximum drawdown and in the simple asset space. MaxSTARR 

displays varying results with a tendency of lower risk measures compared to ew.

Risk-adjusted Return Measures: None of the applied portfolio optimization techniques 

significantly outperforms the ew portfolio regarding SR. Moreover, only maxSR even exhibits 
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higher absolute SRs in two of the five considered asset spaces. The adjusted SR is higher when 

applying maxR in the gsci, epra and all asset space and crra in the all asset space. However, all 

these positive differences do not exhibit significance at any reasonable level. Similarly weak 

patterns occur for the Sortino Ratios and STARRs. Sortino Ratios are higher with mv and crra 

across asset spaces, however, at no significant level. STARRs, again without significance, are 

higher with mv across asset spaces and with bs-mv in two out of the five asset spaces. All purely 

risk-based approaches significantly underperform compared to the naïve approach, at least at 

the 10% significance level. The only exceptions are ERC and maxDiv within the simple and 

maxDiv in the epra asset space.

Utility-based Measures: Utility-based metrics (MV and CRRA CEQ returns) do not display 

significant outperformance from any strategy compared to the CCI30-enhanced ew portfolios 

either. Marginal outperformances without significance appear for mv across asset spaces and 

bs-mv and crra depending on the asset space. All purely risk-based approaches significantly 

underperform compared to ew, apart from ERC in the simple asset space. A significant under-

performance (at least at the 5 % level) can moreover be observed from maxSR in the simple, 

eq_fi and epra asset spaces and from maxSTARR in the eq_fi asset space.

Other Metrics: As the weight drift between rebalancing periods is not considered for the 

turnover approximation, all implemented strategies naturally exhibit higher turnover values 

than the naïve ew portfolio. Regarding cumulative wealth, maxR, mv, and crra consistently 

yield improvements compared to the ew portfolio. Bs-mv does so for all asset spaces besides 

simple and maxSR exhibits higher cumulative wealth in the gsci and all asset spaces. These 

cumulative wealth results align with the IRs, which are positive in the same strategy/asset space 

combinations. The highest values can be observed for mv and crra across asset spaces. 

The detailed results and visual summaries can be found in Appendix A.21 and A.22.

4.6.2 Regression Analysis – Strategy Effectiveness

To additionally assess the performance of strategies overall (traditional and crypto-enhanced) 

and conclude whether the crypto-inclusion effect differs between strategies, an FE1panel 

regression analysis including the interaction term between crypto exposure and strategy FEs 

(Crypto x StrategyFE) is conducted (see Appendix A.23). When controlling for several FEs, no 

strategy offers consistently significant outperformance across metrics compared to the simple 

ew portfolios. The gmv and minCVaR strategies even significantly underperform across 

metrics. Furthermore, the crypto-inclusion effects do not differ significantly between strategies 
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for risk-adjusted return metrics, while they are positive and significant at the 1% level for MV 

and CRRA CEQ returns in the base scenario (ew). The effects on utility-based measures are 

significantly lower (at least at the 10% level) for several other strategies, namely ew_bh, gmv, 

minCVaR, ERC, maxDiv and maxSR. At the same time, no differences are exhibited for the 

remaining strategies.

4.6.3 Overall Assessment – Strategy Effectiveness

No single strategy consistently outperforms the naïve ew portfolio within one asset space, let 

alone across all asset spaces. This holds true in traditional and crypto-enhanced scenarios. 

Hence, one can conclude that none of the constructed strategies is clearly superior to a simple 

1/N approach. However, some strategies occasionally outperform the naïve portfolio in single 

measures such as cumulative wealth or mean returns. Thus, investors who aim for high returns 

and are indifferent regarding risk could prefer different strategies. For a typical investor, acting 

based on MV or CRRA utility, the sophisticated strategies hardly offer consistent benefits. Some 

strategies yield higher results in certain measures, but these outperformances are mainly not 

statistically significant. The results emphasize the robustness of the ew strategy, which 

represents a competitive yet straightforward way to achieve solid results. Additionally, the 

results highlight the challenges of portfolio optimization techniques in estimating the input 

parameters. The differences in crypto-inclusion effects between strategies do not differ in 

risk-adjusted returns. Regarding utility1based measures, ew shows higher positive or at least 

similar crypto-enhancement effects compared to other, more complex optimization techniques.

4.6.4 Robustness Tests – Strategy Effectiveness

The results from this section are tested for robustness via the procedure for paired portfolio 

comparisons through comparing (1) strategies using BTC instead of CCI30, and (2) the other 

strategies to ew_bh instead of ew. Since no consistent outperformance from any strategy 

compared to ew is observable in the base scenario, and the other strategies are more sensitive 

towards transaction costs, a robustness test with transaction costs is not performed in this 

section. All performed robustness tests do not show essentially different patterns compared to 

the base scenario. This rationalizes not re-estimating the FE panel regressions. A detailed 

discussion of the robustness tests can be found in Appendix A.24.

4.6.5 Assessing the Role of Design Choices

The following section goes beyond the comparison of optimized and naïve portfolios and 

explores whether different design choices can further improve the performance of 
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crypto-inclusive portfolios. Specifically, the following design choices will be assessed: 

(1) using BTC as the crypto asset instead of CCI30, (2) rebalancing weekly (and daily) instead 

of monthly, (3) using an expanding window instead of a rolling window, (4) introducing a gens 

constraint, and (5) using mean and covariance forecasts from a multivariate DCC-GARCH 

instead of the historical mean and covariance. These comparisons explicitly do not serve as 

robustness tests but aim to identify practical modifications that either better capture the benefits 

of crypto exposure or simplify crypto inclusion while not hurting performance. The results for 

all design choice assessments can be downloaded via the link provided in Appendix A.26.

(1) CCI30 vs. BTC Portfolios

The first design choice to be evaluated is the selection of the crypto asset. For this reason, 

portfolios using CCI30 will be compared to those using BTC. The analysis of the results from 

the descriptive statistics shows that mean returns do not significantly differ. However, they tend 

to be slightly higher for CCI30 portfolios. On the other hand, volatility is significantly higher 

for the CCI30 portfolios across asset spaces when using either ew, ew_bh, maxR, mv or bs-mv. 

To some extent, this also applies when using minCVaR or maxSR. Regarding drawdown and 

tail risk measures, significant differences are only observable when using ew_bh, with risk 

measures being higher for the CCI30 portfolios. Adjusted SRs, Sortino Ratios and STARRs 

exhibit no significant differences. This also mainly applies to SRs, besides BTC portfolios 

significantly outperforming CCI30 portfolios using a minCVaR strategy in the epra asset space 

and CCI30 portfolios significantly outperforming when applying maxSTARR in either simple, 

gsci or all. The utility-based measures do not exhibit any significant differences, albeit they 

tend to be slightly higher when adding CCI30 (+ 1.6 pp for MV CEQ returns and + 0.9 pp for 

CRRA CEQ returns). The average turnover indicates that the amount of trading needed to 

implement the strategies mainly does not differ strongly. Single scenarios, however, exhibit 

differences of up to 16.5 pp. For ERC and crra, more trading is required when using CCI30, 

whereas for maxR, using BTC requires more trading. Cumulative wealth is higher in two-thirds 

of the considered scenarios when using CCI30 and lower mainly for the ew_bh, gmv and 

minCVaR strategies. This is also confirmed by the IRs, which are negative in 66.7% of the 

scenarios with the CCI30 portfolios as the benchmark.

In summary, the choice of the crypto asset does not significantly impact most performance 

metrics. Nevertheless, some differences, especially in terms of cumulative wealth, do exist. 
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Even though many performance metrics are slightly better when CCI30 is added, the simplicity 

of including BTC makes it a viable option.

(2) Monthly vs. Weekly (and Daily) Rebalancing

The second design choice to be evaluated is the impact of the rebalancing frequency. 

Specifically, weekly (and daily) rebalancing will be compared to the previously applied 

monthly frequency. Starting with weekly vs. monthly, mean returns are either not significantly 

different or tend to be higher when rebalancing is only performed monthly, particularly for ew 

and maxDiv. In contrast, the monthly rebalanced portfolios exhibit significantly higher 

volatility for ew, gmv, maxDiv, maxSTARR, mv and bs-mv portfolios across all asset spaces 

and in most scenarios for maxR. Regarding other risk measures, weekly rebalanced ew 

portfolios exhibit higher maximum drawdowns, which are significant within the gsci and all 

asset spaces. At the same time, lower CVaRs are observable. The gmv strategy yields 

significantly lower CVaR in the gsci and all asset spaces and lower downside deviation across 

all asset spaces. Other approaches such as ERC, maxDiv, maxR, bs-mv and crra display lower 

risk metrics when rebalanced weekly as well, but the significance of these differences strongly 

depends on the metric and asset space under investigation. The only strategy consistently 

exhibiting decreased risk measures across all asset spaces and metrics at a significant level (at 

least 5%) when rebalancing is performed weekly is the mv strategy. The risk-adjusted metrics 

show that gmv, minCVaR, ERC, maxR, maxSTARR, bs-mv and crra do not exhibit significant 

differences between monthly and weekly rebalancing. The ew, maxDiv, and maxSR strategies 

perform better in terms of SRs, Sortino Ratios and STARRs when rebalanced monthly, but not 

consistently across all asset spaces. The only strategy that benefits from more frequent 

rebalancing is mv, albeit only for certain asset spaces (simple for STARR; all for SR, Sortino 

Ratio and STARR). Similar patterns can be observed when comparing utility-based metrics. 

Ew and maxDiv consistently outperform and maxSR outperforms in the gsci and all asset spaces 

when rebalanced monthly. Again, mv outperforms when being rebalanced weekly. Turnover 

indicates that weekly rebalancing requires up to 3.4x more trading than monthly rebalancing, 

while cumulative wealth remains relatively similar. For ew and maxDiv, cumulative wealth is 

higher with monthly rebalancing, whereas maxR, mv and bs-mv benefit from weekly 

rebalancing for this performance measure.

Overall, while some strategies, especially mv and maxR, appear to benefit from weekly 

rebalancing, the sharp increase in turnover likely offsets most of these benefits in 
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non-frictionless scenarios including transaction costs. Given that other strategies (mainly ew 

and maxDiv) even seem to benefit from monthly rebalancing, a shift to shorter rebalancing 

periods does not seem advantageous.

When extending the comparison to daily rebalancing, results largely align with the monthly vs. 

weekly analysis, with a few notable exceptions. With daily rebalancing, volatilities are not 

higher for ew, and maxSTARR9s standard deviations are only higher in certain asset spaces. 

Regarding risk measures, the differences between monthly and daily are less pronounced than 

in the previous scenario, but the directions mainly hold. Risk-adjusted return measures exhibit 

significant underperformance for maxSTARR and significant outperformance for bs-mv in 

certain asset spaces when daily rebalancing is applied. As in the monthly vs. weekly scenario, 

mv is the strategy that gains the most (lower risk, better risk-adjusted returns, higher utility) 

from more frequent rebalancing, while other strategies (e.g., ew, maxDiv) outperform in certain 

asset spaces when rebalancing is performed monthly. The slight differences in performance, 

which are not consistent across strategies and asset spaces, come with an even sharper turnover 

increase (up to 9.2x the amount of trading required). Therefore, also daily rebalancing does not 

seem to offer a compelling advantage.

(3) Rolling vs. Expanding Windows

The third design choice to be evaluated is using an expanding window instead of a rolling 

window to estimate the input parameters. The analysis shows that both methods lead to 

relatively similar mean returns for most strategies. However, utility-based strategies yield 

significantly lower mean returns with an expanding window. Standard deviations are reduced 

significantly, except for gmv and maxSTARR, where they remain somewhat similar, and maxR, 

where they are significantly higher. Maximum drawdown is mostly significantly lower with an 

expanding window when maxSR is applied, while it is consistently and significantly higher 

when using crra. Other strategies reveal more varied patterns. CVaR and downside deviation 

are mostly significantly lower with an expanding window, with maxR being the main exception. 

In terms of risk-adjusted return measures, differences mainly remain insignificant. The 

exceptions are maxSR, which yields higher SRs, Sortino Ratios, and STARRs in the simple, 

eq_fi and epra asset space and ERC, which yields higher results in the gsci asset space. In 

contrast, crra yields lower results in the gsci asset space. Besides that, a tendency of the 

expanding window to slightly outperform is observable. However, this outperformance is not 

statistically significant. Significant outperformance of the expanding window in terms of MV 
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or CRRA CEQ returns can only be observed for ERC in the gsci and maxSR in the eq_fi asset 

space. Apart from that, mainly modest differences are observed, this time with a slight 

advantage for the rolling windows. The expanding window reduces portfolio turnover across 

all strategies and asset spaces and exhibits larger cumulative wealth and positive IRs for gmv, 

minCVaR, ERC and maxSR, whereas the opposite is true for maxDiv, mv, bs-mv and crra. The 

two risk-adjusted return optimizing techniques show heterogeneous results.

Overall, neither the expanding nor the rolling window significantly and consistently 

outperforms. Nevertheless, certain strategies seem to work better with certain estimation 

methods. The expanding window, while not strongly hurting risk-adjusted and utility-based 

measures in many cases, generally tends to reduce risk and thus is a viable alternative for 

investors aiming for more stable performance.

(4) Regular vs. Gens Constrained Portfolios

The next design choice to be evaluated is the introduction of a gens constraint in the form of � g ć�, where � is a vector of ones and ć ∈ [0, 1 þ⁄ ]. When applying ć = 0.5 1 þ⁄ , which sets 

a minimum weight equal to half of that in the ew portfolio, such a constraint leads to significant 

increases in mean returns and standard deviations for all purely risk-based approaches. For 

maxSR and maxSTARR mean returns increase, but not significantly across asset spaces. In 

contrast, maxR and utility-based approaches show lower mean returns and volatilities. These 

differences are not consistently statistically significant across asset spaces. The drawdown and 

tail risk measures show similar behavior – besides maximum drawdown, they are significantly 

increased for risk-based approaches, whereas they are lowered for maxR and utility-based 

approaches. In terms of risk-adjusted return and utility-based measures, nearly all performance 

measures across all strategies and asset spaces are increased over the observed OOS period, 

with the most substantial and most significant improvements for risk-based approaches, maxSR 

and maxSTARR. Furthermore, turnover is consistently decreased, besides within single asset 

spaces when applying maxDiv. Cumulative wealth increases for all strategies besides maxR, 

mv and crra, which are also the only strategies where negative IRs are observable.

Hence, one can conclude that besides cumulative wealth for three strategies, a gens constraint 

enhances portfolio performance in most scenarios and should thus be applied when including 

crypto assets in portfolios.
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(5) Historical vs. DCC-GARCH Mean and Covariance Estimates

Literature suggests that portfolio optimization outcomes can significantly improve when 

employing DCC-GARCH models for mean and covariance estimation (Abdul Aziz, Vrontos, 

& M. Hasim, 2019). Additionally, the return and volatility dynamics are frequently found to be 

well-suited to Autoregressive Moving Average (ARMA) and GARCH modelling (see section 

A.25.1). Consequently, this section evaluates whether portfolio performance benefits from 

DCC-GARCH estimates. The detailed methodology can be found in Appendix A.25. This 

comparison is not performed for the CvaR-based minCVaR and maxSTARR  approaches as 

well as for bs-mv . 

Portfolios based on DCC-GARCH estimates consistently yield significantly lower mean returns 

for maxR and mv, whereas gmv experiences slightly higher returns, however, not at a significant 

level. At the same time, standard deviations are significantly lower for maxR and mv, while 

they are significantly higher for gmv and maxDiv. Maximum drawdowns are lower for 

utility-based strategies and higher for gmv and maxDiv, but again, rarely at a significant level. 

CVaRs and downside deviations tend to be significantly higher for risk-based approaches, while 

they are mainly significantly lower for maxR and mv. SRs are only significantly higher for 

DCC-GARCH-based optimizations in one case: crra in eq_fi. On the other hand, they are 

significantly lower in several asset spaces with maxR and mv. Gmv's SRs are notably, but not 

statistically significantly, higher. The other risk-adjusted return measures mirror this pattern but 

exhibit even less pronounced and significant differences. Utility-based measures show little 

evidence of significant variation, but there is a tendency towards improvement for gmv and 

slight deterioration for ERC, maxR, and mv under DCC-GARCH estimates. Turnover is 

considerably higher with DCC-GARCH estimates in every setting besides some asset spaces 

with crra. Cumulative wealth benefits notably from DCC-GARCH estimates, especially when 

applying gmv and crra (besides in the epra asset space), while strategies like maxR and mv9s 

performances are strongly hindered.

Overall, DCC-GARCH estimates do not consistently improve portfolio performance compared 

to the simpler historical estimates. Despite observable advantages for some strategies, 

particularly gmv or maxDiv, it is therefore not recommended to introduce them, as the benefits 

 The reliance on DCC-GARCH forecasted estimates introduces significant estimation risk for 
tail-dependent measures.
 Combining DCC-GARCH forecasts with Bayes-Stein shrinkage is methodologically inconsistent, as 

DCC-GARCH aims to model time-varying dynamics while Bayes-Stein assumes mean reversion towards 
a static covariance structure.
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are not sufficiently consistent and significant, and the increased turnover potentially offsets 

most of the benefits after controlling for transaction costs.

5 DISCUSSION

5.1 Summary of Key Findings

This section summarizes the empirical results from chapter 4 and directly addresses the RQs 

outlined in section 3.1. The findings are aggregated across performance measures, strategies, 

asset spaces and periods.

5.1.1 RQ1 – Does the Addition of Crypto Assets Improve Portfolio 

Performance?

As described in section 4.4, the results provide robust evidence that crypto inclusion – 

represented by the CCI30 index – enhances performance across various optimization 

techniques. However, the extent and significance of these improvements depend on the strategy 

and performance measures considered. The key findings of this section can be summarized as 

follows:

- Risk-adjusted returns (SR, Sortino, STARR) improve in most scenarios and often 

statistically significantly, particularly for ew, maxDiv, and utility-based approaches (mv, 

bs-mv, crra).

- Utility-based metrics (MV and CRRA CEQ returns) increase in 78% to 87% of the 

tested scenarios. The significant gains are mainly concentrated in the same strategies as 

above.

- Cumulative wealth typically increases or at least remains similar to non-crypto 

portfolios, and IRs are mainly positive (with traditional being the benchmark), further 

confirming the outperformance from crypto-enhanced portfolios. Cumulative wealth 

path plots (raw and volatility adjusted) are provided in Appendix A.27 to assess 

cumulative returns.

These benefits are driven by significantly increased mean returns in almost all considered 

scenarios, which mostly outweigh the corresponding and often significant increases in volatility 

and other risk metrics. Strategies like gmv and minCVaR remained largely unaffected by crypto 

inclusion due to their close-to-zero allocations to crypto assets. This was expected, as crypto 

assets exhibit high volatility and CVaR and are hardly ever the asset with the lowest expected 
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(tail) risk. Other strategies that do not consistently and significantly show improvements are 

ew_bh, ERC, maxR, maxSR and maxSTARR.

The derived results are stable across the considered asset spaces and several robustness tests. 

RQ1 can thus be answered as follows: Crypto asset inclusion tends to improve performance 

when the optimization framework allows for diversification and utility-based trade-offs. 

Strategies based on a single metric (mean return, volatility, CVaR) or pure ratio maximization 

strategies only show improvements in some scenarios and often fail to realize benefits. A 

deliberate strategy selection when including crypto assets is therefore important.

5.1.2 RQ2 – Does the Crypto-Inclusion Effect Vary Over Time?

As described in section 4.5, the effect of adding crypto assets to portfolios is not constant over 

time and substantial time variation could be observed in the considered sample. The key 

findings can be summarized as follows:

- Crypto inclusion yields benefits in both the pre- and the post-COVID period, although 

the strength and significance of the differences in performance metrics varies across 

strategies and metrics. Furthermore, all metric categories change stronger pre-COVID 

apart from risk-adjusted returns. 

- Rolling performance metric differences (126-day SR, Sortino, STARR, etc.) peaked 

in 2017, 2020, 2021, and 2024 and often exhibited strong deterioration in 2019 and 

2022. The reduction in magnitude is also notable in this analysis.

- FE panel regression analysis with year FEs and the interaction term between crypto 

effects and year FEs (Crypto x YearFE) confirms these patterns by showing significant 

variation in the crypto-inclusion effect across years.

RQ2 can be answered as follows: The effect of crypto inclusion varies significantly over time. 

Crypto appears to amplify performance, improving already well-performing years while 

exacerbating weaker ones. Due to an observable asymmetric amplification – larger additional 

gains in strong years than additional losses in weak years – it is nevertheless beneficial to 

include crypto assets overall when investing long-term. The generally reduced magnitude of 

differences (positive and negative) in mean returns and risk metrics in recent years may indicate 

a maturing crypto market. The lack of this pattern in risk-adjusted returns implies that the ratio 

of change between risk and return might have been more beneficial in later years (post-COVID 

period).
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5.1.3 RQ3 – Is There a Clearly Superior Strategy/Design Choice for 
Including Crypto Assets?

No single strategy continuously dominates across asset spaces and performance metrics and 

with statistical significance when crypto assets are added. However, certain approaches 

performed more consistently (positive and negative):

- MaxR and utility-based strategies (mv, bs-mv, crra) typically delivered the most 

reliable performance across key metrics.

- Despite being a simplistic approach, ew portfolios perform competitively and benefit 

significantly from crypto inclusion, thus providing a reasonable alternative for investors 

that value simplicity.

- MaxDiv can be a potential alternative for very risk-averse investors, as it performs well 

regarding risk measures while keeping returns, risk-adjusted returns and utility 

relatively high compared to other risk-based approaches.

- Gmv and minCVaR yield negative risk-adjusted return metrics, failing to generate a 

positive excess return within our sample period. This could be caused by turmoil in the 

bond markets between late 2021 and 2023. Therefore, they can be excluded from the 

search for the best-performing strategy. 

Finally, the impact of certain design choices is not entirely trivial. An additional gens constraint 

is generally recommended to enhance performance, while other design choices display 

non-uniform effects and thus do not allow a clear conclusion. Section 5.3.3 will provide a more 

detailed and practically oriented discussion of potential design choices.

The following heatmap provides an overview of the best and worst performing strategies per 

performance measure after including crypto assets. A more detailed overview can be found in 

Appendix A.30.
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Figure 2: Heatmap – Average Performance Measures per Strategy Within CCI30 Portfolios

Note: Red = Below Average, Green = Above Average, Numbers indicate rank of the respective strategy per 
performance measure.

5.2 Comparison to Literature

In the following section, this thesis's findings are positioned within the context of previous 

academic research on crypto asset inclusion in portfolio optimization. In general, the derived 

findings confirm prior literature while challenging certain aspects and providing a more detailed 

understanding of the strategy- and time1varying effects of crypto inclusion.

5.2.1 Performance Enhancement Through Crypto Inclusion

The results are generally in line with what previous literature suggests. Crypto assets tend to 

enhance returns and increase volatility, but since returns are typically increased more strongly, 

risk-adjusted return measures improve overall.

Specific Comparisons to Selected Papers: Platanakis and Urquhart (2020) found that adding 

BTC increases risk-adjusted and utility-based metrics across multiple strategies. This thesis 

mainly confirms this, independent of whether CCI30 or BTC is added. However, the results 

provide stronger evidence that the magnitude and consistency of gains are strategy-dependent. 
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Petukhina et al. (2021) also found such increases when adding a broader set of crypto assets, 

although these increases do not always show statistical significance. They highlight ERC as 

particularly effective. Here, the results diverge. While this thesis can prove more significant 

gains for other strategies, ERC shows inconsistent and often insignificant improvements in the 

considered sample.

Furthermore, the crypto allocations observed in this thesis are higher than in previous studies 

for all approaches except gmv and minCVaR. This generally leads to more substantial and 

significant performance differences. Additionally, the improved performance for gmv and 

minCVaR found by Holovatiuk (2020) and Trimborn et al. (2020) could not be confirmed.

This thesis adds to previous literature by strongly extending the OOS period, which could be a 

key reason for the previously described differences in the obtained results. Other potential 

explanations include the universally applied long-only constraint, which is not consistently 

implemented in other papers, and differences in the asset selection (e.g., CCI30 vs. single crypto 

assets) and optimization techniques that have been applied. An overview of further related 

studies can be found in section 2.3. 

5.2.2 Time-Varying Effects of Crypto Inclusion

Recent literature acknowledges that crypto's diversification benefits may vary over time. 

However, no paper has explicitly assessed whether crypto-inclusion effects are time-varying in 

an OOS setting. Nguyen (2022) and Gorman and Hughen (2024) found increased correlations 

during or ever since COVID-19, while Li and Miu (2023) found increased correlations when 

both markets are in high-volatility states. In this thesis, the increases during COVID-19 are 

observable across assets. Towards later periods, correlations decline again. Furthermore, 

previous research does not agree on whether crypto assets consistently show diversification or 

hedging potential during market turmoil (compare section 2.2.2). This thesis clearly shows that 

crypto-enhanced portfolios both over- and underperform compared to traditional portfolios, 

depending on the period under investigation. Thus, crypto assets seem to not consistently 

function as hedging instruments. Instead, they act as performance amplifiers that enhance gains 

in strong periods and increase losses in weak ones.

Additionally, this thesis adds to existing literature in two main ways: (1) It is the first to 

explicitly compare the OOS portfolio performance of various optimization techniques over a 

pre- and post-COVID period and several performance measures. The findings show that the 

partially increased correlations do not erode the benefits from crypto enhancement, but they 
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tend to lose magnitude in later periods. (2) This thesis is the first to explicitly provide formal 

statistical evidence for the time-varying nature of crypto-inclusion effects via FE panel 

regression analysis (see section 4.5).

5.2.3 Strategy and Design Superiorities

Most previous studies examine crypto portfolio performance in specific models but do not 

systematically compare strategies and design choices. This limits their ability to identify a 

clearly superior asset allocation technique, often leading to contradictory conclusions and 

varying recommendations (see section 2.3 and 3.1).

This thesis addresses the gap by conducting a horserace between twelve distinct strategies 

across five asset spaces. However, also this thesis is unable to identify a clearly dominant 

strategy and the regression analysis shows that the crypto-inclusion effects themselves do not 

vary significantly across strategies for most measures besides the utility-based MV and CRRA 

CEQ returns.

Nevertheless, this thesis provides a comprehensive overview of a broad set of portfolio 

performance metrics across strategies and asset spaces, which allows to compare the strategies 

in further detail. It reveals that simple strategies (e.g., ew) can perform well, while some more 

sophisticated approaches fail to capture potential crypto benefits consistently. Additionally, this 

thesis explicitly evaluates design choices (e.g., rebalancing frequencies, constraints, etc.), 

which were not addressed by prior research. Through the systematic, broad and detailed 

comparison of strategies and design choices across asset spaces and performance metrics, this 

thesis enables investors to select a strategy for their specific needs and offers a more nuanced 

understanding of when, how and for whom crypto inclusion may be beneficial. 

5.3 Practical Implications for Investors

This section translates the previously derived findings into practical implications and 

recommendations for investors considering to include crypto assets in their portfolios. Based 

on the results, several takeaways, structured into general implications, the role of strategy and 

design choice, and the influence of risk preferences emerge.

5.3.1 Assessment of the Real-World Applicability

Before discussing the implications derived from the performed empirical analysis, the 

real-world applicability of the employed strategies is briefly evaluated. In principle, all 

strategies can be implemented in practice, as estimations were based solely on data available at 
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each point (see section 3.4). Furthermore, all assets included in this thesis are investable – either 

through Exchange-traded funds (ETFs) that track the performance of the selected indices or 

through direct physical replication of the underlying assets by the investor. Suitable ETFs are 

available for the MSCI World, MSCI EM, FTSE EPRA Dev, and BTC, while for the S&P GSCI, 

a commodity pool is available. For the fixed-income assets, no ETFs that directly track the 

performance of these specific indices are available. However, comparable products do exist (see 

Appendix A.29 for an overview). For the CCI30 index, the situation is different. As of now, no 

ETF that directly tracks its performance, nor something closely related, is available. 

Consequently, investors seeking to invest in the CCI30 must directly invest in the underlying 

individual constituents. As crypto assets can be traded in fractional amounts, this is feasible 

starting from small capital outlays. For institutional investors, legislative uncertainties can be a 

major barrier when investing directly in crypto assets (see section 1.1). Another potential 

obstacle for institutional and private investors with a substantial allocation is liquidity risk. 

Limited liquidity can affect ETFs and the smaller constituents from the CCI30 (in terms of 

market capitalization) and potentially lead to high transaction costs and price slippage during 

rebalancing. Furthermore, while ETFs aim to track certain indices, they do not necessarily 

achieve this, e.g. due to less frequent rebalancing or administration fees.

5.3.2 General Implications for Crypto Inclusion

The empirical results show that crypto assets can enhance portfolio performance in a 

statistically significant manner, but the effect is highly dependent on the considered 

performance measure, time period and partly also on the considered strategy. For investors, 

several core implications can be drawn. (1) The inclusion of crypto assets is recommended in 

the long term as the periods of outperformance outweigh the periods of underperformance. 

Market timing, which is notoriously difficult for crypto assets and forms a separate stream of 

literature (e.g., Bergsli et al. (2022); Dong et al. (2020); Dudek et al. (2024); Munim et al. 

(2019); Phung Duy et al. (2024) and Roy et al. (2018)), is therefore not necessary. However, 

investors should be aware that inclusion benefits are stronger in certain periods while they can 

even damage performance in others. (2) These findings are robust across asset spaces. Hence, 

including crypto assets is beneficial, no matter how broadly diversified the portfolios are 

previously. (3) Crypto assets should not be viewed as a hedging vehicle. The results clearly 

show that they do not help in minimizing drawdowns or other risk metrics during crises. Instead, 

they amplify performance and should be treated as a high-risk, high-upside allocation. 

(4) Portfolios that promote a certain risk-diversification across several assets (e.g. ew, maxDiv, 
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and utility-based approaches) are generally favorable compared to strategies that only focus on 

a single objective and thus heavily allocate to one single asset (gmv, minCVaR, maxR). (5) The 

excessively increased risk metrics across almost all strategies can be seen as a major caveat 

when including crypto assets. While theoretically being outweighed by increased returns, these 

increases could be too large for many investors in practice.

5.3.3 Implications Regarding Strategy and Design Choices

As stated in section 5.1.3, some purely risk-based approaches, such as gmv or minCVaR, should 

not be applied when trying to improve performance by adding crypto assets. Risk-return-based 

approaches that aim to maximize certain ratios (e.g., SR or STARR) mostly fail in doing so and 

perform below average overall. ERC, while effectively limiting drawdown and tail risk 

measures, is only ranked 10th regarding risk-adjusted return metrics. Investors who want to 

explicitly minimize downside risk while still upholding some return benefits should rather 

consider maxDiv, which is able to better balance the risk-return trade-off, while keeping risk 

measures substantially below average. According to the analyses conducted, the simple ew 

portfolio, especially with rebalancing, is a considerable alternative to more sophisticated asset 

allocation techniques. It ranks in the upper half for all measures besides skewness and even 

achieves first place in terms of SR. Another strategy that performs surprisingly well and even 

ranks best in cumulative wealth is maxR. However, even though risk-adjusted return measures 

exhibit decent rankings, implementing this strategy seems unrealistic in practice due to the 

enormous risk measures. This leaves the investors with utility-based approaches, which 

generally perform well, especially across the defined main performance metrics. The risk 

measures are also high for these strategies and the strategies must therefore be implemented 

cautiously.

Once the overall decision regarding the inclusion of crypto assets has been made and a strategy 

is selected, there are several practical implications regarding design choices that can be drawn 

from the conducted analyses. (1) To avoid missing out on the initial phases of crypto bull runs 

and capture more of their generally high SRs, investors willing to bear volatility should consider 

introducing gens constraints. (2) As the results between CCI30 and BTC do not deviate strongly, 

investors who prefer a simple and easily implementable approach should consider using BTC 

instead of CCI30, even though this often results in slightly weaker performance. Until the 

introduction of an ETF that adequately captures CCI30, this adaptation significantly simplifies 

adding crypto assets to portfolios. (3) Investors should apply a monthly rebalancing frequency, 

as shorter frequencies do not increase performance significantly but require considerably more 
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trading to be implemented, which causes higher transaction costs. (4) Investors seeking more 

stable and less risky portfolios could consider using an expanding window approach. Typically, 

this does not strongly reduce risk-adjusted and utility-based performance metrics while 

significantly lowering most risk metrics. (5) DCC-GARCH models seem to not be worth the 

additional effort, as the resulting portfolios fail to outperform in a consistent and significant 

manner and sometimes even underperform compared to portfolios constructed with simplistic 

historical estimates. Furthermore, they cause strongly increased turnover measures and are thus 

not recommended to investors in practice.

Overall, investors should not only decide whether to add crypto assets but also deliberately 

choose how to do so. While design choices do not always exhibit significant differences in 

performance, several other aspects can be improved (e.g., simplification regarding assets used 

and rebalancing frequency applied). 

5.3.4 Implications Based on Risk Aversion

The primary empirical analysis was based on a common risk aversion level of ā = 3 in the 

optimization and the calculation of MV and CRRA CEQ returns. However, in practice investors 

may have different risk tolerances. To better understand whether the choice of strategy and the 

effectiveness of the utility-based optimization methods depend on the level of risk aversion, the 

utility-based portfolios are re-optimized with the additional risk aversion levels of ā = 1 and ā = 5. Furthermore, the performance measures are recalculated using the portfolios optimized 

with these risk aversions.

Generally, it can be observed that the optimization process under varying levels of risk aversion 

performs as intended. As the risk aversion parameter increases, the allocation to crypto assets 

and mean portfolio returns and portfolio volatility decline, whereas the opposite happens when 

lowering the risk aversion parameter. Optimizations under high risk aversion levels potentially 

even exhibit risk measures comparable to purely risk-based optimizations while maintaining 

substantially higher upward potential. The impact of the level of ā on risk-adjusted return 

measures is generally low, with a tendency of higher SRs and adjusted SRs for low risk 

aversions and higher Sortino Ratios and STARRs for higher risk aversion levels. The reduced 

returns under higher risk aversions also strongly influence cumulative wealth. However, once 

they are scaled according to their respective volatilities, the results are mainly similar and higher 

risk aversions even outperform in some scenarios (see Appendix A.33). This implies that adding 

crypto can be valuable even for highly risk-averse investors if the optimization is performed 
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reflecting their utility-preferences. A plot comparing all performance measures across 

utility-based approaches with different risk aversion levels as well as a plot summarizing CEQ 

returns with all risk aversion levels can be found in Appendix A.31 and A.32.

5.3.5 Overall Recommendation for Investors

Based on the previously described implications, the general recommendation for investors – 

regardless of their risk preference – is to include crypto assets using a utility-based strategy. 

The choice between mv and crra should depend on whether a quadradic or a power utility 

function better describes the respective investors9 preferences. In either case, it is recommended 

to put a strong emphasis on risk aversion calibration. For investors unwilling to run optimization 

procedures, a simple ew strategy with monthly rebalancing is a solid and implementable 

alternative. Further, a strong emphasis should be placed on the specific design choices, as they 

can strongly influence the results and practical feasibility of the optimization and 

implementation.

5.4 Limitations

While the conducted research provides a comprehensive assessment of crypto inclusion in 

portfolio optimization, it is subject to several limitations. The main areas are limitations 

regarding data and available time horizon, as well as limitations in methodology and modelling.

5.4.1 Data & Time Horizon Limitations

Short OOS Period: While expanding the considered time horizon by several years compared 

to previous research, the considered OOS period is still short compared to studies which do not 

include crypto assets. This is because crypto assets are relatively young, and crypto markets 

were immature before 2015, when the sample started.

Backwards-Looking Data: The whole analysis is based on past data and thus 

backward-looking to some extent. This was addressed by using a rolling OOS approach that, at 

each point in time, only considers data that would have been available in real-time at this 

specific point. Nevertheless, it would be oversimplified to assume that the derived findings will 

remain unchanged in future, as significant time variance of crypto-inclusion effects can already 

be observed within the OOS period (see section 4.5). One potential future scenario is that crypto 

markets become more mature, and the crypto-inclusion effects, which already tended to exhibit 

lower magnitudes towards the end of our sample, flatten out even further.
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Crypto Assets Used: Using CCI30 as the primary and BTC as the secondary crypto assets 

leaves room for potential winners/survivorship bias, even though CCI30 selects its constituents 

via a purely rule-based mathematical derivation. Furthermore, CCI30 was created in 2017 and 

would not have been available from the start of the considered time horizon. Additionally, 

investing in CCI30 is more difficult compared to investing in traditional asset classes, as it is 

not simply investable via an ETF and would have to be replicated manually by the investor.

5.4.2 Methodology & Modeling Limitations

Market Frictions: Most analyses are conducted under the assumption of frictionless markets. 

While one major friction (transaction costs) is considered in robustness tests and does not 

strongly change results, other frictions like liquidity are not explicitly considered. Additionally, 

transaction costs are only considered ex-post and not within the optimization procedures 

themselves, meaning that the constructed portfolios are only theoretically optimal in the 

frictionless setting.

Selection of Optimization Methods: A broad set of optimization techniques, ranging from 

purely moment-based optimizations to utility maximization with shrinkage or under a 

power-utility function, was applied. However, there are still further well-known optimization 

techniques that could have been used. Possible additions include optimal combinations of 

portfolios following Kan and Zhou (2007) or Tu and Zhou (2011).

5.5 Further Potential Research Areas

Building on the retrieved findings and acknowledging the limitations, a set of potential future 

research areas arises, which will be presented subsequently.

Investigating the Root Causes of Positive and Negative Crypto Asset Contribution: As the 

conducted analyses revealed time periods of positive and negative crypto-inclusion effects, 

further research could focus on deciphering what causes these differences. Special emphasis in 

these analyses could be put on the question of why the magnitude of out- and underperformance 

seems to have lowered and whether this trend is expected to continue. The explanatory 

regression section in Appendix A.34 presents a purely explorative trial to explain the variation 

in crypto-inclusion effects and can serve as a starting point.

Extend on Statistical Modelling to enhance estimates: This thesis tried to enhance mean and 

covariance estimates through a literature-based, but rather simplistic, DCC-GARCH model and 

could not consistently improve the performance of the resulting portfolios. However, as some 
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strategies displayed benefits, future research could explicitly focus on testing other, more 

advanced approaches (e.g., GARCH-Copulas, etc.) to predict means and covariances.

Extend on Regime Switching and State Variable Approaches: Depending on the findings 

from the first suggested research area, future researchers could focus on implementing a 

dynamic investment strategy that effectively times crypto-inclusion effects and further 

enhances performance benefits through crypto assets. They could focus on predicting positive 

crypto-inclusion effects via regimes or state variables and thereby provide valuable guidance 

for investors wanting to explore adding crypto assets to their portfolios.

Apply a Machine Learning Approach Focused on Long-term Crypto Investing: Papers 

investigating machine learning approaches in the crypto space already exist (Goutte, Le, Liu, 

& Mettenheim, 2023; Parente, Rizzuti, & Trerotola, 2024). However, they are mainly focused 

on short-term or high-frequency trading. An interesting direction to explore could be, whether 

machine learning approaches can also add value in long-term-oriented approaches and under 

weekly or monthly rebalancing.

Extend in Terms of Time Horizon, Strategies, Fractions Considered or Assets Used: The 

conducted research could be repeated in future including additional time periods, optimization 

strategies (e.g. combinations of portfolios), robustness tests for fractions such as liquidity or 

slippage and a further extended asset space with industry portfolios or other alternative asset 

classes such as private equity, etc.

6 CONCLUSION

A primary objective of this thesis was to evaluate whether adding crypto assets enhances 

portfolio performance for portfolios created with traditional portfolio optimization methods. An 

important aspect in this regard was to look at portfolio performance from different angles via a 

broad set of performance measures and put differences through their paces using an approach 

accounting for the specific structure of the return series. Furthermore, this thesis aimed to 

investigate whether such crypto-inclusion effects are constant or time-varying, as prior research 

found increased correlations between crypto assets and traditional assets in more recent years. 

Lastly, a comprehensive horserace between strategies and direct comparisons of various design 

choices were conducted to identify superior strategies.

The results of the empirical analysis significantly contribute to the current state of research, as 

they strongly extend the OOS period and provide a more detailed view on different aspects of 
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performance, e.g., drawdown and tail risk measures. Furthermore, it is the first prevailing study 

to explicitly investigate the time variance of crypto-inclusion effects by splitting the sample in 

a pre- and post-COVID period and running FE panel regressions with interaction terms. The 

following detailed comparison across strategies and design choices is of high practical 

relevance for investors considering to participate in the rise of crypto assets and the findings 

entail specific guidance on how one should proceed.

The main findings can be summarized as follows. Crypto assets generally improve portfolio 

performance significantly across the main performance indicators. This is because the more 

substantial increases in returns outweigh the increases in risk. These strongly increased risk 

measures should be considered when adding crypto assets to one9s portfolio. The general 

improvements vary between strategies and over time, with a tendency towards lower gains in 

later years. Furthermore, crypto assets should be seen as performance amplifiers (in both 

directions) rather than as hedging vehicles. This statement is derived from the fact that periods 

of significant over- but also underperformance can be observed within the empirical results. 

The underlying drivers of the time variation are only briefly investigated and are subject to 

future research. While the strategy and design choice comparison did not crown a clear winner, 

it is generally recommended to use utility-based approaches or a simple 1/N approach as they 

constantly rank amongst the best performing optimization techniques. Furthermore, one can 

conclude that certain design choices, such as a gens constraint or the use of BTC instead of 

CCI30, positively influence performance or enhance simplicity. Other design choices, such as 

shorter rebalancing frequencies (weekly, daily), substantially increase the amount of trading 

required without compensating adequately through increased returns. Mean and covariance 

forecasts from a DCC-GARCH did not improve performance significantly, but minor 

improvements suggest that future research could dive deeper into this topic and try to enhance 

portfolio optimization settings with more sophisticated mean and covariance forecasts. The 

results typically do not depend on the asset space, making crypto assets an attractive opportunity 

also for already diversified investors.
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A.2 Rolling Condition Numbers of Covariance-Matrices

A.2.1 252-Day Rolling Window

Figure 3: 252-Day Rolling Condition Number of Covariance Matrices

A.2.2 1,008-Day Rolling Window

Figure 4: 1,008-Day Rolling Condition Number of Covariance Matrices

In the previous plots, the condition number is defined as:

ÿąĄĊÿĊÿąĄ þċăĈċĈ =  ÿăÿþÿăÿĄ (ý1)
Where ÿăÿþ is the largest eigenvalue of the covariance matrix � and ÿăÿĄ denotes the smallest 

eigenvalue of the covariance matrix �.
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A.3 Overview Portfolio Performance Measures

Measure Equation Annualized

Descriptive Statistics

Mean Return ĀĈ = 1Ă 3 ĈĊĂĊ=1 Yes

Standard Deviation ÿĈ = √ 1Ă21 3 (ĈĊ 2 ĀĈ)2ĂĊ=1 Yes

Skewness ÿ = Ă(Ă21)(Ă22) 3 (Ĉ�2���� )3ĂĊ=1 No

Excess Kurtosis � = Ă(Ă+1)(Ă21)(Ă22)(Ă23) 3 (Ĉ�2���� )4 2 3(Ą21)2(Ă22)(Ă23)ĂĊ=1 No

Drawdown and Tail Risk Measures

Maximum Drawdown ýĀĀ = (ÿþÿā2ă/ĈąċĀ/ÿþÿā ) No

Conditional VaR 95% ÿĂćþ95% = ā(Ĉ|Ĉ f Ăćþ95%) No

Downside Deviation ÿĀ = √ 1Ă21 3 ăÿĄ(ĈĊ, 0)2ĂĊ=1 Yes

Risk-adjusted Return Measures

Sharpe Ratio ÿþ = ���� Yes

Adjusted Sharpe Ratio ÿþÿýĀ = ÿþ(1 + Ă6 ÿþ 2 ÿ24 ÿþ2) Yes

Sortino Ratio ÿąĈĊÿĄą = ����� Yes

STARR ÿĀýþþ = ��ÿąÿā95%� No

Utility-based Performance Measures

MV CEQ Return ÿāýāą =  ĀĈ 2 �2 ÿĈ2 Yes

CRRA CEQ Return see section A.3.2 Yes

Others

Portfolio Turnover Āÿ = 1Ă 3 3 |ÿĀ,Ċ+1 2 ÿĀ,Ċ|ýĀ=1ĂĊ=1 No

Cumulative Return ÿċăþċĊ = / (1 + ĈĊ)ĂĊ=1 2 1 No

Information Ratio ąþ = ā[Ĉ�2ĈĀ�Āā/ÿÿ��]���ÿā�ÿĀý No

Note: Performance Measures in bold, are defined as the core set to answer the RQs.

Table 7: List of Portfolio Performance Measures Including Definition
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Table 7 summarizes the portfolio performance measures and indicates whether they are reported 

in annualized form in the paired portfolio comparisons. The rolling performance measures are 

reported on a daily basis. Returns are denoted as ĈĊ and are calculated as simple holding period 

returns. Excess returns þĊ of the respective portfolios are defined as þĊ = ĈĊ 2 ĈČĊ, where ĈČĊ 

represents the return of a risk-free investment (one-month US treasury bills). The number of 

observations is denoted by þ, and the number of assets is denoted by ý, while ÿĀ,Ċ denotes the 

weight in a risky asset Ā at time Ċ, and ā denotes the risk aversion of an investor, which is set to ā = 3 in the main scenario.

A.3.1 Annualization Procedure

The given return frequency per year is denoted by Č and is used to annualize measures. The 

mean is annualized by simply multiplying by Č, while standard deviation and downside 

deviation are annualized by multiplying by √Č. Path-dependent measures such as cumulative 

returns and maximum drawdown or non-parametric risk measures such as CVaR are not 

annualized to preserve distributional accuracy. Hence, STARR is not annualized as well. 

Annualizing SR, when autocorrelation is present within the return series, carries the risk of 

over- or understatement. To account for this issue, the SR is annualized using Lo9s (2002) 

approach, where ÿā denotes the autocorrelation at lag ā:

ÿþÿĄĄċÿĂ = ÿþĆþĈÿąý Č√Č + 2 3 (Č 2 ā)ÿāÿ21ā=1 (ý2)
Due to the lack of a widely accepted approach to correct for autocorrelation when calculating 

the Sortino Ratio, it will be annualized by multiplying with √Č. The CEQ return measures 

(MV and CRRA-based) contain nonlinear transformations and cannot be scaled linearly due to 

Jensen9s inequality. Thus, they will be annualized by compounding according to:ÿāýÿĄĄċÿĂ = (1 + ÿāýĉċĀĆþĈÿąý)ÿ 2 1 (ý3)
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A.3.2 CRRA CEQ Return

The CRRA CEQ Return is calculated in several steps:

(1) First, each portfolio9s retrieved OOS daily return series Ĉ is transformed into a gross 

return series using: þ = 1 + Ĉ.

(2) Second, the utility for each gross return þ is computed based on the following utility 

function:

U(R) = þ12� 2 11 2 ā (ý4)
(3) Subsequently, the expected utility of the whole vector is computed by taking the mean 

of all individual utilities calculated in step two.

(4) The expected utility is transformed into the CEQ gross return by applying the inverse 

of the utility function from Equation A4 onto the previously derived expected utility:

þÿāĀ = ċĀĄ[Ą(ā)(12�)+1](12�) (ý5)
(5) The CEQ net return is derived by subtracting one: ĈÿāĀ = þÿāĀ 2 1

Similar to the MV CEQ Return, the retrieved number indicates the risk-free rate of return which 

an investor, in this setting with a power utility function, would require to be indifferent between 

holding the given risky portfolio or the risk-free asset.



A7

A.4 Portfolio Returns – P-Values of Time-Series Diagnostics (2016-2024)

Table 8: Portfolio Returns – P-Values of Time-Series Diagnostics (2016-2024)
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A.5 Panel Regression Analysis – OLS Assumption

Diagnostics

Table 9: Panel Regression Analysis – OLS Assumption Diagnostics

A.6 Schematic Diagram of Methodology Flow

The following visualization summarizes the main steps of the empirical process. The sequential 

execution assures consistency in the optimization and evaluation.

Figure 5: Chronological Sequence of Major Steps from the Empirical Analysis
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A.7 QQ-Plots of the Individual Asset Returns (2015-2024)

Figure 6: QQ-Plots of the Individual Asset Returns (2015-2024)
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A.8 Plots of the Daily Individual Asset Return Series (2015-2024)

 
Figure 7: Plots of the Individual Asset Return Series (2015-2024)
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A.9 ACF-Plots of the Individual Asset Returns

Figure 8: ACF-Plots of the Individual Asset Returns (up to Lag 36)
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A.10 252-Day Rolling Correlation Plots between Crypto Assets and 

Traditional Assets

Figure 9: 252-Day Rolling Pearson Correlation Plots between Crypto Assets and Traditional Assets
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A.11 Efficient Frontiers Across Asset Spaces

A.11.1 Mean-Variance Efficient Frontiers

Figure 10: Efficient Frontiers – Mean-Variance Across Asset Spaces (Daily Data)
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A.11.2 Mean-CVaR Efficient Frontiers

Figure 11: Efficient Frontiers – Mean-CVaR Across Asset Spaces (Daily Data)
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A.12 Portfolio Weights: Average Crypto Allocation per Year Across Strategies

Table 10: Portfolio Weights: Average Crypto Allocation per Year, Strategy and Asset Space

Note: This table is based on portfolios under a long-only constraint, using the described rolling window approach and a monthly rebalancing frequency. Weight drifts between rebalancing peri-
ods are not considered.
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Figure 12: Portfolio Weights – Average Crypto Allocation Across Asset Spaces per Strategy

Including Normalized Crypto Prices

Note: This plot is based on portfolios under a long-only constraint, using the described rolling window approach and a 
monthly rebalancing frequency. Weight drifts between rebalancing periods are not considered.
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A.13 Portfolio Comparisons Traditional vs. CCI30 
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Table 11: Portfolio Comparison: Traditional vs. CCI30 Across Strategies – Descriptive Statistics

Figure 13: Performance Impact of Crypto Inclusion (CCI30) by Strategy and Asset Space – Descriptive Statistics

Note: Differences of Performance Measures that indicate a weaker performance when higher (e.g. Standard Deviation) are 
multiplied by -1 in the plots. The displayed differences are calculated based on the previous table.
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Table 12: Portfolio Comparison: Traditional vs. CCI30 Across Strategies – Drawdown and Tail Risk
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Figure 14: Performance Impact of Crypto Inclusion (CCI30) by Strategy and Asset Space – Drawdown 
and Tail Risk

Note: Differences of Performance Measures that indicate a weaker performance when higher (e.g. Maximum Drawdown) are 
multiplied by -1 in the plots. The displayed differences are calculated based on the previous table.
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Table 13: Portfolio Comparison: Traditional vs. CCI30 Across Strategies – Risk-Adjusted Returns



A22

Figure 15: Performance Impact of Crypto Inclusion (CCI30) by Strategy and Asset Space – Risk-Adjusted Returns

Note: The displayed differences are calculated based on the previous table.
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Table 14: Portfolio Comparison: Traditional vs. CCI30 Across Strategies – Utility
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Figure 16: Performance Impact of Crypto Inclusion (CCI30) by Strategy and Asset Space – Utility

Note: The displayed differences are calculated based on the previous table.

Figure 17: Performance Impact of Crypto Inclusion (CCI30) by Strategy and Asset Space – Other Metrics
Note: Differences of Performance Measures that indicate weaker performance when higher (e.g. Turnover) are multiplied by 
-1 in the plots. The displayed differences are calculated based on the following table.
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Table 15: Portfolio Comparison: Traditional vs. CCI30 Across Strategies – Other Metrics
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Figure 18: Average Impact of Adding CCI30 on Performance Measures Across Asset Spaces
Note: Differences of Performance Measures that indicate weaker performance when higher (e.g. Standard Deviations) are 
multiplied by -1 in the plots. The displayed differences are the average differences across asset spaces from the comparison of 
traditional vs. CCI30 portfolios with monthly rebalancing.
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A.14 Panel Regression Analysis – Base Model

Table 16: Panel Regression Analysis – Base Model

A.15 Panel Regression Analysis – Crypto x AssetSpaceFE

Table 17: Panel Regression Analysis Including Interaction Term – Crypto x AssetSpaceFE
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A.16 Robustness Tests – RQ1

(1) When substituting CCI30 with BTC, the differences between traditional and 

crypto-enhanced portfolios remain broadly similar for the descriptive statistics, with the key 

distinction that also minCVaR significantly enhances mean returns and increases standard 

deviations consistently. The differences in drawdown and tail risk measures are also broadly 

comparable, with additional significant increases when using minCVaR (CVaR, downside 

deviation) and maxSTARR (maximum drawdown) and fewer increases when using maxSR 

(maximum drawdown). This translates to minCVaR yielding significant improvements in 

risk-adjusted return measures when using BTC. Utility-based approaches show less significant 

improvements, even though the observed measures are still constantly higher than those of 

traditional portfolios. Utility-based measures again show the main differences in comparison to 

the CCI30 portfolios for the minCVaR strategy, now exhibiting consistent significant 

improvements of MV and CRRA CEQ at least at the 10% significance level. Additionally, 

maxSR and maxSTARR yield slightly better results in specific asset spaces. Turnover and IR 

behave similarly between both scenarios, while cumulative wealth is notably higher for 

utility-based approaches and maxR when CCI30 is used. Overall, it can be said that the 

observed patterns mainly persist across this robustness check. MinCVaR joins the pool of 

strategies that significantly benefit from crypto enhancement and utility-based approaches 

display slightly more modest improvements when BTC is added.

(2) When assessing whether CCI30 improves returns differently when a weekly rebalancing 

frequency is applied, more statistically significant increases in mean returns are observed for 

the ERC and maxSTARR strategies, while maxSR shows fewer significant increases. Standard 

deviations remain relatively similar, with additional increases in specific asset spaces when 

constructing portfolios via gmv or minCVaR. While CVaR patterns are mainly similar, fewer 

and weaker significant increases of the maximum drawdown are observed for mv and bs-mv. 

At the same time, maxSR portfolios exhibit more significant increases in this metric. Downside 

deviation increases significantly when using gmv and minCVaR in specific asset spaces, which 

was not the case in the monthly rebalanced setting. Looking at risk-adjusted return metrics, the 

main differences are (1) maxSTARR now exhibits consistently improved metrics in terms of 

SR, Sortino Ratio and STARR, (2) maxR, mv, and crra improve metrics on a significant level 

for more asset spaces, and (3) maxSR does not exhibit significant improvements anymore. 

Utility-based measures display more significant improvements for the maxSTARR strategy 

except in the eq_fi asset space. As in the monthly setting, turnover increases strongly once 
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crypto assets are added. For most strategies, these increases demonstrate a much larger magni-

tude. Cumulative wealth also increases in most scenarios, however, to a smaller extent than 

turnover. In summary, while potentially offering some benefits in risk-adjusted and 

utility-based metrics, weekly rebalancing does not change the previously derived results 

strongly besides for maxSTARR, which performs significantly better when rebalancing is 

performed with this frequency. The heavily increased turnover, however, indicates that 

increased transaction costs most likely outweigh those potential benefits.

Mainly the same differences which have been found between monthly and weekly rebalancing 

also apply when comparing monthly and daily rebalancing. Evaluating the risk-adjusted return 

measures, maxSTARR, maxR, mv and crra still improve more significantly with daily 

rebalancing, but not as strongly as in the weekly setting. Additionally, maxSR does not improve 

the results significantly anymore, even though the direction of the difference remains similar. 

Utility-based measures are even more similar between monthly and daily than between monthly 

and weekly. The other metrics, namely turnover, cumulative wealth and IR, exhibit similar 

differences.

(3) When using an expanding window instead of a rolling window, mean returns and standard 

deviations increase more consistently for several additional strategies, namely gmv, minCVaR, 

maxSR, maxSTARR. The downside and tail risk measures behave similarly, with more 

significant increases in maximum drawdown for ERC and less significant increases for maxSR. 

This leads to gmv and minCVaR consistently improving SR, Sortino Ratio and STARR and 

adjusted SR in certain asset spaces when using an expanding window, which was not observable 

for the rolling windows. Additionally, maxSR and maxSTARR show more significant 

improvements, while maxR and crra now display non-significant performance reductions for 

some previously improved measures. Furthermore, utility-based measures exhibit more 

significant improvements for gmv, minCVaR, maxSR and maxSTARR. Turnover indicates that 

using an expanding window consistently requires less trading than the rolling window 

approach. Cumulative wealth increases more for risk-based approaches, maxR and maxSR, 

whereas utility-based approaches show fewer differences in cumulative wealth. Overall, it can 

be thus said that crypto assets can also enhance portfolios under an expanding window, leaving 

the overall conclusion unchanged. Nevertheless, some strategies significantly benefit in this 

setting, while others are harmed.
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(4) After introducing an additional gens constraint in the form of � g ć� with ć ∈ [0, 1 þ⁄ ], 
and setting ć = 0.5 1 þ⁄  for both, the traditional and the crypto-enhanced portfolios, the results 

show several differences. Mean returns and standard deviations are consistently increased 

across all strategy/asset space combinations. Also, downside and tail risk measures are more 

consistently increased across strategies due to the minimum weight assigned to crypto assets. 

In terms of risk-adjusted returns, the additional constraint leads to consistent significant 

increases for gmv and minCVaR, and significant increases in some asset additional asset spaces 

for ERC, maxSTARR and crra in terms of SR, Sortino Ratio and STARR. For the bs1mv 

strategy, the results slightly weaken and even display a significant decrease in the gsci and all 

asset space compared to significant increases before introducing the new constraint. An even 

more advantageous picture for the additional constraint can be observed for utility-based 

measures. Gmv, minCVaR, ERC, maxSR, maxSTARR, mv, bs-mv and crra exhibit a higher 

number of significant increases in both MV and CRRA CEQ returns. While turnover still 

increases through the addition of crypto assets in most scenarios, the magnitude of these 

increases is considerably lower. Cumulative wealth generally increases by a smaller extent for 

maxR, bs-mv and crra, while it increases considerably stronger for all purely risk-based 

approaches, maxSR and maxSTARR. IRs remain positive in almost all scenarios. To conclude, 

it can be said that the previously derived results mainly hold and are even enhanced in several 

scenarios once a gens constraint is introduced.

(5) So far, all results have been evaluated in a frictionless setting. Since this thesis focuses on 

evaluating the potential of crypto assets in portfolio optimization in a real-world setting, a proxy 

for transaction costs is introduced. To account for the costs caused by rebalancing portfolios, 

the return series of each strategy is adjusted proportional to that strategy9s turnover at each 

rebalancing date as follows: ĈĊÿýĀ = ĈĊ 2 ĉ × ĀÿĊ (ý6)
Where ĀÿĊ is defined as the sum of absolute changes in asset weights between two rebalancing 

dates, and ĉ is set to 50 basis points (bps) following DeMiguel et al. (2009). Setting ĉ equal to 

50 bps can be considered somewhat conservative, as transaction costs during the OOS period 

of this thesis were lower for many assets. However, crypto assets, especially around the 

beginning of the OOS period, could even exceed transaction costs of 50 bps. The weight drift 

between rebalancing dates is not considered and returns on non-rebalancing dates remain 

unadjusted. In this context, it needs to be highlighted that such an ex-post introduction of 
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transaction cost implies that the formed portfolios are not optimal in the setting with frictions, 

as they are estimated without accounting for them in any specific manner.

All statistically significant differences between traditional and crypto-enhanced portfolios 

remain unchanged when comparing mean returns and standard deviations. However, the abso-

lute differences are mostly reduced once we move to the setting that includes the 

transaction cost approximation. The differences in drawdown and tail risk measures remain 

similar in most scenarios apart from bs-mv in the epra asset space, where maximum drawdown 

does not increase significantly once the returns are adjusted. In absolute terms, maximum 

drawdowns exhibit increases, whereas CVaR and downside deviation remain somewhat similar 

in a large set of strategy/asset space combinations. For risk-adjusted return measures, the 

strategies offer notably more significant improvements through crypto assets with higher 

statistical significance once we account for transaction costs. This case applies to maxSR, 

maxSTARR, mv, bs-mv and crra, which now also broadly improve Sortino Ratios and STARRs. 

Even though the absolute values of MV and CRRA CEQ returns are consistently lower, the 

significant differences between traditional and crypto-enhanced portfolios persist. MaxSR now 

even yields additional significant improvements. Turnover is not affected by the transaction 

cost approximation in this thesis. Cumulative wealth in absolute terms and the observed 

differences compared to traditional portfolios are mainly lower. In summary, while absolute 

values and differences for many measures decrease, the statistically significant differences 

mainly remain and even increase for certain measures in certain strategy/asset space 

combinations. Overall, the observed patterns persist across the robustness test of introducing 

transaction costs.

Tables with the detailed results of all conducted robustness tests can be downloaded under the 

following link:

Download Link – Robustness Tests RQ1

https://www.dropbox.com/scl/fo/y2zl0ti0602vba3xztkd8/AHulM_CyzFZpfzVUbcVKDE4?rlkey=ki0071krp2jtu4pgx6y6isrl2&st=0wxmhmxj&dl=0
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A.17 Pre- Post-COVID Comparisons – Traditional vs. CCI30

Table 18: Pre- Post-COVID Comparison: Traditional vs. CCI30 Across Strategies – Descriptive Statistics
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Figure 19: Average Impact of Adding CCI30 Pre- and Post-COVID – Descriptive Statistics
Note: Differences of Performance Measures that indicate weaker performance when higher (e.g. Standard Deviations) are 
multiplied by -1 in the plots. The displayed differences are the average differences across asset spaces from the comparison of 
traditional vs. CCI30 portfolios with monthly rebalancing.
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Table 19: Pre- Post-COVID Comparison: Traditional vs. CCI30 Across Strategies – Drawdown and Tail Risk
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Figure 20: Average Impact of Adding CCI30 Pre- and Post-COVID – Downside and Tail Risk
Note: Differences of Performance Measures that indicate weaker performance when higher (e.g. MaxDD) are multiplied by -1 
in the plots. The displayed differences are the average differences across asset spaces from the comparison of traditional vs. 
CCI30 portfolios with monthly rebalancing.
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Table 20: Pre- Post-COVID Comparison: Traditional vs. CCI30 Across Strategies – Risk-adjusted Returns
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Figure 21: Average Impact of Adding CCI30 Pre- and Post-COVID – Risk-Adjusted Returns
Note: The displayed differences are the average differences across asset spaces from the comparison of traditional vs. CCI30 
portfolios with monthly rebalancing.
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Table 21: Pre- Post-COVID Comparison: Traditional vs. CCI30 Across Strategies – Utility
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Figure 22: Average Impact of Adding CCI30 Pre- and Post-COVID – Utility
Note: The displayed differences are the average differences across asset spaces from the comparison of traditional vs. CCI30 
portfolios with monthly rebalancing.

Figure 23: Average Impact of Adding CCI30 Pre- and Post-COVID – Other Metrics
Note: Differences of Performance Measures that indicate weaker performance when higher (e.g. Turnover) are multiplied by -
1 in the plots. The displayed differences are the average differences across asset spaces from the comparison of traditional vs. 
CCI30 portfolios with monthly rebalancing.
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Table 22: Pre- Post-COVID Comparison: Traditional vs. CCI30 Across Strategies – Other Metrics
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A.18 Rolling Comparison of Performance Measures

Figure 24: Rolling 126-Day Daily Mean Returns Across Strategies and Asset Spaces for Traditional vs. CCI30
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Figure 25: Rolling 126-Day Daily Std.Dev. Across Strategies and Asset Spaces for Traditional vs. CCI30
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Figure 26: Rolling 126-Day Daily SR Across Strategies and Asset Spaces for Traditional vs. CCI30
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Figure 27: Rolling 126-Day Daily Sortino Across Strategies and Asset Spaces for Traditional vs. CCI30
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Figure 28: Rolling 126-Day Daily STARR Across Strategies and Asset Spaces for Traditional vs. CCI30
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Figure 29: Rolling 126-Day Daily MV CEQ Returns Across Strategies and Asset Spaces for Traditional vs. CCI30
Note: MV CEQ Returns are calculated based on a risk aversion of ā = 3
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Figure 30: Rolling 126-Day Daily CRRA CEQ Return Across Strategies and Asset Spaces for Traditional vs. CCI30

Note: CRRA CEQ Returns are calculated based on a risk aversion of ā = 3
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A.19 Panel Regression Analysis – Crypto x YearFE

Table 23: Panel Regression Analysis Including Interaction Term – Crypto x YearFE
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A.20 Robustness Tests – RQ2

(1) When BTC is used instead of CCI30, mean returns increase in more scenarios post-COVID, 

but the average increase is 8.4 pp smaller. Standard deviations increase by a lower extent and 

in fewer scenarios post-COVID. Similar to the CCI30 portfolios, the BTC portfolios exhibit 

increased downside and tail risk measures in almost all scenarios in both subperiods, but by a 

lower magnitude post-COVID. When using BTC, more of these increases are of statistical 

significance. Risk-adjusted return measures increase in most scenarios in both subperiods. 

However, these increases are only statistically significant for certain strategies in either of the 

periods, which again is similar to the results obtained with CCI30. Additionally, also in this 

setting, SRs increase stronger post-COVID, while Sortino Ratios and STARRs increase 

stronger pre-COVID. Utility-based measures still increase in most considered scenarios, but 

generally by a lower extent than when adding CCI30. The observed differences between the 

pre- and post-COVID periods are thus smaller when BTC is used. The results for turnover, 

cumulative wealth, and IRs are mainly similar. Therefore, the core results hold, even though 

minor differences between using BTC and CCI30 can be observed. Adding BTC can improve 

the performance pre- and post-COVID similarly to adding CCI30. However, different strategies 

yield the best improvements, and different magnitudes can be observed between the periods.

Tables with the detailed results of the conducted robustness test can be downloaded under the 

following link:

Download Link – Robustness Test RQ2

https://www.dropbox.com/scl/fo/83si5w4f9antypiw662i4/AMWSglj4pMg4gQRHWZHP-yM?rlkey=mnwwv1nlvinpl0ggldsw6hcc3&st=ai197spv&dl=0
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A.21 Strategy Comparison – EW vs. All Within CCI30

Table 24: Strategy Comparison: EW vs. Other Strategies Within CCI30 – Descriptive Statistics

½ ·½ ·½ ·½ ·· ½½ ½½ ·· ½½ ½· ½
½ ·½ ·½ ·½ ·· ½½ ½½ ·· ½· ½· ½
½ ·½ ·½ ·½ ·· ½· ½½ ·· ½· ½· ½
½ ·½ ·½ ·½ ·· ½½ ½½ ·· ½· ½· ½
½ ·½ ·½ ·½ ·· ½· ½½ ·· ½· ½· ½

· ½
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Table 25: Strategy Comparison: EW vs. Other Strategies Within CCI30 – Drawdown and Tail Risk

· · ·· · ·· · ·· · ·½ ½ ½½ ½ ½½ · ·½ ½ ½· · ½½ ½ ½
· · ·· · ·· · ·· · ·½ ½ ½½ ½ ½½ · ·½ ½ ½½ ½ ½½ ½ ½
· · ·· · ·½ · ·· · ·½ ½ ½½ ½ ½· · ·½ ½ ½½ ½ ½½ ½ ½
· · ·· · ·½ · ·· · ·½ ½ ½½ ½ ½½ · ½½ ½ ½½ ½ ½½ ½ ½
· · ·· · ·½ · ·· · ·½ ½ ½½ ½ ½· ½ ·½ ½ ½½ ½ ½½ ½ ½

· ½
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Table 26: Strategy Comparison: EW vs. Other Strategies Within CCI30 – Risk-Adjusted Returns

½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ · ·½ ½ ½ ½½ ½ · ½
½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ · ·½ ½ ½ ½½ ½ · ½
½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ · ½ ½· ½ ½ ½½ ½ ½ ½½ ½ · ·½ ½ ½ ½½ ½ · ·
½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ · ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ · ·½ ½ · ·½ ½ · ½
½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ ½ ½ ½½ · ½ ½· ½ ½ ½½ ½ ½ ½½ ½ · ·½ ½ · ·½ · · ·

· ½
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Table 27: Strategy Comparison: EW vs. Other Strategies Within CCI30 – Utility

½ ½½ ½½ ½½ ½½ ½½ ½½ ½· ·½ ½½ ½
½ ½½ ½½ ½½ ½½ ½½ ½½ ½· ·· ·· ·
½ ½½ ½½ ½½ ½½ ½½ ½½ ½· ·· ·· ·
½ ½½ ½½ ½½ ½½ ½½ ½½ ½· ·· ·· ·
½ ½½ ½½ ½½ ½½ ½½ ½½ ½· ·· ·· ·

· ½
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Table 28: Strategy Comparison: EW vs. Other Strategies Within CCI30 – Other Metrics

½½½½·½½·½·
½½½½·½½···
½½½½··½···
½½½½·½½···
½½½½··½···

·½



A55

A.22 Average Differences in Performance Metrics EW vs. All

Figure 31: Average Difference of Performance Measures to EW per Strategy across Asset Spaces
Note: Differences of Performance Measures that indicate weaker performance when higher (e.g. Standard Deviation) are mul-
tiplied by -1 in the plots. The displayed differences are the average differences across asset spaces from the comparison of ew 
vs. each other strategy within CCI30 portfolios with monthly rebalancing.
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A.23 Panel Regression Analysis – Crypto x StrategyFE

Table 29: Panel Regression Analysis Including Interaction Term – Crypto x StrategyFE
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A.24 Robustness Tests – RQ3

(1) When BTC is used instead of CCI30, hardly any substantial differences are observable in 

the descriptive statistics. The only notable differences are, that maxSTARR now exhibits more 

significant negative differences for mean returns and bs-mv displays a significantly lower 

standard deviation in the simple asset space. Most of the previously derived results regarding 

drawdown and tail risk measures are also confirmed. The main differences observable are 

(1) minCVaR does not outperform in terms of maximum drawdown in gsci and all anymore, 

(2) maxSR does not underperform in terms of maximum drawdown in eq_fi, (3) maxSTARR 

underperforms in maximum drawdown for epra and does not outperform in terms of CVaR and 

downside deviation in simple, and (4) bs-mv outperforms for downside deviation in simple but 

underperforms for maximum drawdown in gsci and all. Similarly to before, no strategy which 

significantly outperforms in any risk1adjusted return measure can be observed. Furthermore, 

one can still observe a significant underperformance from all risk-based approaches across 

almost all asset spaces, with only minor changes in the observed differences. The same holds 

for utility-based measures, where no significant outperformance is exhibited, and risk-based 

approaches consistently underperform compared to ew. Since the results of the other metrics 

(turnover, cumulative wealth, and IR) also do not change strongly, one can conclude that the 

previously derived results hold for portfolios where BTC is added as the crypto asset.

(2) The observed results change stronger when compared to the ew_bh strategies instead of ew. 

No strategy can significantly outperform in terms of mean returns anymore, with some (maxSR, 

maxSTARR and bs-mv) even significantly underperforming. However, several additional 

strategies outperform in terms of standard deviation, namely maxR, maxSR, maxSTARR, mv, 

and crra, since ew_bh exhibits higher volatility than ew with rebalancing. This is also 

observable for drawdown and tail risk measures, where no significant underperformance for 

any other strategy is observable, while several strategies join the 8outperformance9 bracket. For 

risk-adjusted return measures, crra outperforms ew_bh at the 10% level for SRs, and the set of 

observable nonsignificant improvements in terms of SRs, Sortino Ratios and STARRs grew. 

The underperformances for risk-based approaches persist, however, with lower or no 

significance in certain strategy/asset space combinations. CRRA CEQ returns are significantly 

higher than for ew_bh when applying mv and crra across all asset spaces, and MV CEQ returns 

are higher in all but the simple asset space. Furthermore, all significant underperformances for 

utility-based metrics vanished. Regarding other metrics (turnover, cumulative wealth and IR), 

no substantial differences compared to the setting when comparing to ew can be observed. In 
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summary, ew_bh gets more seriously challenged by other strategies, but there is still no strategy 

that can consistently outperform across all metric categories, even though utility-based 

approaches like mv and crra outperform in many metrics.

Tables with the detailed results of all conducted robustness tests can be downloaded under the 

following link: Download Link – Robustness Tests RQ3

A.25 Methodology DCC-GARCH Models

A.25.1 Theoretical Background

Recent literature applied various approaches to model crypto assets9 returns and volatility. 

Munim et al. (2019) find that ARIMA models are well-suited to model crypto returns and partly 

even outperform neural network models. Regarding univariate volatility forecasts, previous 

researchers came to different conclusions and provided varying recommendations for the choice 

of the best-suiting models. Amongst the best-performing models are e.g. regular GARCH, 

Integrated GARCH (iGARCH), Exponential GARCH (eGARCH), Glosten-Jagannathan-

Runkle GARCH (GJR-GARCH) and Threshold GARCH (TGARCH), often in a simple (1,1) 

specification. Many more sophisticated models fail to deliver more reliable forecasts 

consistently. However, they mainly agree that the underlying distribution should consider heavy 

tails, e.g. via a t-student distribution (Bergsli et al., 2022; Chu et al., 2017; Fung et al., 2022; 

Köchling, Schmidtke, & Posch, 2020; Kumar, Jilowa, & Deokar, 2024; Queiroz & David, 

2024). Other papers extend the previous results to a multivariate space and find DCC-GARCH 

models to be well-suited to model several crypto assets or a combination of traditional and 

crypto assets (Candila, 2021; Guesmi et al., 2019). 

A.25.2 Model Formulations

All model formulations used in this thesis will be listed below. Those models are used, as they 

were found to be well suited by previous literature (compare section A.25.1). For all models, ąĊ 

is the time-series value at time Ċ, �0 is the constant term of the ARMA model, �ÿ are the 

coefficients of the autoregressive terms, �ÿ are the coefficients of the moving average terms, āĊ 

are the white noise error terms (i.i.d. with zero mean and variance ÿ2), ÿĊ2 is the conditional 

variance at time Ċ, ÿ is the long-term average variance, ÿ1 is the coefficient for the lagged 

squared residual (ARCH term), Ā1 is the coefficient for the lagged conditional variance 

(GARCH term), ĆĊ21 are the standardized residuals, ā1 is the asymmetry term which allows 

different impacts for positive and negative shocks, ą(��−1<0) is the indicator function for 

https://www.dropbox.com/scl/fo/1bwsobg9fld17t6n4g7hr/AOhQXH3xjQceQAp9bbVaSAE?rlkey=38n2m1v994qbpyb6hrfvbh8z3&st=7gpppdx7&dl=0
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asymmetry, ĄĊ is the time-varying covariance matrix, ĀĊ is the diagonal matrix of time-varying 

standard deviations from a GARCH model, þĊ is the time-varying correlation matrix and ć and Ĉ are parameters that control the dynamics of the conditional correlations. In ARMA models, Ć 

is the autoregressive component, and ć is the moving average component, whereas Ć and ć 

denote the GARCH and ARCH terms in the GARCH models.

ARMA (p, q)

ąĊ = �0 + ∑ �ÿąĊ2ÿ + ∑ �ÿāĊ2ÿ + āĊćÿ=1Ćÿ=1  (ý7)
GARCH (1,1)

Following Bollerslev (1986), the GARCH(1,1) is defined as:ÿĊ2 = ÿ + ÿ1āĊ212 + Ā1ÿĊ212  (ý8)
iGARCH(1,1)

Following Engle and Bollerslev (1986), the iGARCH(1,1) is defined similarly to the standard 

GARCH(1,1) from Equation A8, but with the additional constraint of:ÿ1 + Ā1 = 1 (ý9)
eGARCH(1,1)

Following Nelson (1991), the eGARCH(1,1) is defined as:ln (ÿĊ2) = ÿ + ÿ1(|ĆĊ21| 2 �[|ĆĊ21|]) + ā1ĆĊ21 + Ā1ln (ÿĊ212 ) (ý10)
GJR-GARCH(1,1)

Following Glosten et al. (1993), the GJR-GARCH(1,1), which allows asymmetric shocks, is 

defined as: ÿĊ2 = ÿ + ÿ1āĊ212 + ā1ą(āĊ21 < 0)āĊ212 + Ā1ÿĊ212  (ý11)
TGARCH(1,1)

Following Zakoian (1994), the TGARCH(1,1) is defined as:ÿĊ = ÿ + ÿ1|āĊ21| + ā1ą(āĊ21 < 0)|āĊ21| + Ā1ÿĊ21 (ý12)
This specification is very similar to the GJR-GARCH from Equation A11, but instead of using 

the squared shocks, it uses absolute shocks.
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DCC-GARCH(1,1)

Following Engle (2002), the DCC-GARCH(1,1) for multivariate volatilities is defined as:ĄĊ = ĄĊ1/2ĆĊ,ĆĊ~þ(0,1) (ý13)ĄĊ = ĀĊþĊĀĊ  (ý14)
Where each individual series is modelled as a univariate GARCH process and the dynamics of 

the correlations are captured by:ýĊ = (1 2 ć 2 Ĉ)ý + ćĆĊ21ĆĊ21⊤ + ĈýĊ21 (ý15)þĊ = Ċÿćč(ýĊ)21/2ýĊĊÿćč(ýĊ)21/2 (ý16)
A.25.3 Rolling Window Estimation Routine

The following steps are performed at each rebalancing to retrieve the mean and covariance 

forecasts based on a rolling 252-day window. The routine is performed for all asset spaces 

separately and subsequently used in the portfolio optimizations:

(1) An ARIMA model is fitted for each asset.

(2) For each asset, all five univariate GARCH models are fitted, using the previously 

derived ARIMA models as the mean term.

(3) Based on the Akaike Information Criterion (AIC) and Bayesian Information Criterion 

(BIC) values from the fitted GARCH models, the best GARCH model per asset per 

rebalancing date is identified.

(4) An LB and an ARCH test (with lag 21) are performed on the standardized residuals.

(5) A multivariate DCC-GARCH is estimated using the previously identified best-fitting 

univariate GARCH models for each asset.

(6) A one-day ahead forecast of the mean vector and covariance matrix is retrieved using 

the DCC-GARCH.

All GARCH models are implemented with a (1,1) specification and under a t-student distribu-

tion. The LB and ARCH tests provide evidence that the standardized residuals are mostly white 

noise, as they typically show no remaining serial correlation or ARCH effects.

The ARMA models are fitted with the auto.arima function from the R-package forecast, 

whereas univariate GARCH models are fitted with the R-package rugarch and the 

DCC-GARCH is fitted with the R-package rmgarch (Galanos, 2022; Galanos & Kley, 2024; 

Hyndman et al., 2025).
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A.26 Download Link of Further Comparisons

Download Link – Further Comparisons

A.27 Cumulative Wealth Path Comparisons

Figure 32: Cumulative Wealth Path Comparison of Strategies in the 'all' Asset Space
Note: The shaded green areas reflect prominent, observable long-term upwards movement of CCI30 and BTC prices and are 
not derived from a formal model.

https://www.dropbox.com/scl/fo/6b9su7tbdf94jfnnu7aj3/AB8gAOhVtbFV3Cm8n9PoJQg?rlkey=tw7bse5rdgp0a9bp7hvrddlsr&st=0alez7ok&dl=0


A62

Figure 33: Volatility Scaled Cumulative Wealth Path Comparison of Strategies in the 'all' Asset Space
Note: Returns are adjusted based on 126-Day realized rolling volatility and scaled to a common annual volatility level of 10%. 
The shaded green areas reflect prominent, observable long-term upwards movement of CCI30 and BTC prices and are not 
derived from a formal model.
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A.28 Download Link of Differences in Performance Metrics and CCI30 

Price

Download Link – Differences in Performance Metrics and CCI30 Price

A.29 List of Comparable Assets for Indices Used

Figure 34: List of Comparable Assets for Indices Used in Portfolio Optimization

The assets and information have been retrieved directly from iShares (2025a; 2025b; 2025c; 

2025d; 2025e; 2025f) and HSBC (2025). Similar ETFs tracking the performance of such indices 

also exist from other asset managers. The products from iShares and HSBC have been selected, 

as their issued ETFs are amongst the largest per respective asset.

https://www.dropbox.com/scl/fo/1y48hfp2g0a609zjvkx0m/APnRoZ6qGKqomrv0sxndmR4?rlkey=t9qdzth55tadjtn9wimxnlnsc&st=a1cea0xy&dl=0
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A.30 Average Performance Measures per Strategy (CCI30) 

Figure 35: Average Performance Measures per Strategy Within CCI30 Portfolios
Note: Error-Bars indicate Max. and Min. values observed in specific asset spaces while dots represent the average across all 
asset spaces. Ranking (Top 3 and Worst 3) is based on average values.
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A.31 Average Performance Measures Under Different Risk Aversions

Figure 36: Average Performance Measures for Utility-based Strategies Within CCI30 Portfolios Under Different Risk 
Aversions

Note: Error-Bars indicate Max. and Min. values observed in specific asset spaces while dots represent the average across all 
asset spaces. Ranking (Top 3 and Worst 3) is based on average values.
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A.32 Average CEQ Returns Under Different Risk Aversions

Figure 37: Average CEQ Return Measures for Utility-based Strategies Within CCI30 Portfolios Under Different Risk 
Aversions

Note: Error-Bars indicate Max. and Min. values observed in specific asset spaces while dots represent the average across all 
asset spaces. Ranking (Top 3 and Worst 3) is based on average values.
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A.33 Cumulative Wealth Paths Under Different Risk Aversions

Figure 38: Cumulative Wealth Path Comparison of Utility-based Strategies in the 'all' Asset Space Under Different Levels of 
Risk Aversion

Note: The shaded green areas reflect prominent, observable long-term upwards movement of CCI30 and BTC prices and are 
not derived from a formal model.

Figure 39: Volatility Adjusted Cumulative Wealth Path Comparison of Utility-based Strategies in the 'all' Asset Space Under 
Different Levels of Risk Aversion

Note: Returns are adjusted based on 126-Day realized rolling volatility and scaled to a common annual volatility level of 10%. 
The shaded green areas reflect prominent, observable long-term upwards movement of CCI30 and BTC prices and are not 
derived from a formal model.
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A.34 Explorative Explanatory Regressions

Note: This section is purely explorative, was conducted out of personal interest beyond the RQs 

and thus does not claim to be methodologically rigorous. 

To identify potential drivers of the time-varying crypto-inclusion effects, explanatory 

regressions on the rolling differences in three risk-adjusted return measures, namely SR, Sortino 

Ratio and STARR, are conducted for all strategies except ew_bh, gmv and minCVaR. The 

ew_bh, gmv and minCVaR strategies are excluded, as they either only serve as a benchmark 

(ew_bh) and are not considered classical optimizations or hardly allocate to crypto assets, thus 

showing only minor differences. The differences are calculated as the difference between 

monthly rebalanced CCI30 and traditional portfolios over a 21-day window. The window has 

been selected as it approximately matches the monthly rebalancing frequency. As this section 

is purely explorative and results are typically similar across asset spaces, the regressions are 

only performed for the all asset space.

A.34.1 Variable Selection Based on Theoretical Rational

All explanatory variables are based on a theoretical rationale and target a dimension that 

potentially influences the over- or underperformance of crypto-enhanced portfolios. The 

following variables are used to explain performance differences:

CCI30 Mean Return (21-Day Rolling): The CCI30 mean return over a 21-day rolling 

window, subsequently referred to as CCI30_Mean, is supposed to capture short-term 

momentum in the crypto asset. This could increase investor attention and thus lead to 

outperformance from crypto-enhanced portfolios. The idea is based on the momentum effect, 

which can be observed in crypto markets according to Liu et al. (2022).

CCI30 Volatility (21-Day Rolling): The CCI30 Volatility, subsequently referred to as 

CCI30_Vol, indicates times of turmoil in crypto assets, which could lead to more cautious 

investors and thus reduced interest in crypto assets and increased interest in more stable, 

traditional assets. This is supported by the fact that crypto assets are proven to exhibit volatility 

clustering (Corbet et al., 2019).

CCI30 – MSCI World Correlation (21-Day Rolling): The 21-day rolling correlation between 

CCI30 and MSCI World (the non-crypto asset that typically correlates most with CCI30 within 

our sample), subsequently called Corr, indicates the potential diversification benefits from 
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adding a crypto asset. The expected sign of the coefficient is negative, as a higher correlation 

causes smaller expected diversification benefits.

VIX (21-Day Rolling Average): The VIX is used as a proxy for overall market uncertainty and 

is retrieved from Yahoo Finance (2025). During such crises, investors could either search for 

more stable assets leading to underperformance of crypto-enhanced portfolios or seek 

diversification across asset classes. Previous literature supports both. While some studies 

indicate that crypto assets serve as a hedge during crises (Baur et al., 2018a; Bouri et al., 2020; 

Dwita Mariana et al., 2021; Dyhrberg, 2016a; Dyhrberg, 2016b), others contradict (Gorman 

& Hughen, 2024; Nguyen, 2022).

COVID-19 Dummy: To be able to directly assess whether the performance difference varied 

between the largest and broadest market crash within the sample period (highest drawdowns), 

a dummy variable for the COVID-19 crisis (subsequently named COVID), which takes 1 for 

each date from February 1, 2020 to March 31, 2020 is introduced. 

Ex-Post Regime Indicator (Bull = 1, Bear = 2): Crypto assets tend to display different regimes 

with substantial differences in their return characteristics (Figà-Talamanca, Focardi, & Patacca, 

2021) that do not necessarily match regimes of other asset classes. The rationale behind the 

inclusion of this variable is that crypto-enhanced portfolios are expected to outperform during 

bullish crypto regimes. In contrast, they are expected to outperform less (or underperform) 

during bearish crypto regimes.

This explanatory variable is constructed based on the methodology in Figà-Talamanca et al. 

(2021). They argue that models allowing either two or three regimes based on a Hidden Markov 

Model (HMM) best represent crypto assets9 behavior. Thus, this thesis applies a univariate 

two-state Gaussian HMM on the 21-day rolling mean return of the CCI30 using the R-package 

depmixS4 (Visser & Speekenbrink, 2021). The model assumes that the 21-day rolling mean 

return process Ĉÿ is conditionally normally distributed given the regime:ĈĊ|ÿĊ = ÿ~þ(Āÿ, ÿÿ2) (ý17)
where each regime ÿ has a distinct mean Āÿ and variance ÿÿ2.

The estimation of the HMM is performed via maximum likelihood, and the optimal sequence 

of states is extracted ex-post using the Viterbi algorithm. As a result, the most probable regime 

for each date (1=bullish, 2=bearish) is returned. Even though the returns in this thesis do not 
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exactly follow a normal distribution in each state, the model captures the large up- and 

downward movements well (see Figure 47):

Figure 40: Ex-Post Regime Based on 2-State HMM

Google Trends Index for <Bitcoin=: This variable, subsequently referred to as GoogleTrends, 

is included to represent retail investors9 attention and thus capture the behavioral finance aspect 

of crypto investment. Previous literature shows that investor attention has a positive impact on 

crypto prices. Thus, a positive relationship is assumed (Kristoufek, 2015; Urquhart, 2017). The 

variable is downloaded from Google Trends (2025) in overlapping 90-day periods and 

subsequently normalized.

BTC – USD Trading Volume (21-Day Rolling Average): The trading volume (subsequently 

named BTC_Volume), on the one hand, reflects the actual investor interest that is translated 

into actual transactions and, on the other hand, serves as a liquidity proxy. It potentially 

indicates ease of trading, lower transaction costs and more robust price discovery. Increased 

actual investor interest and reduced transaction costs are assumed to contribute to 

outperformance positively.

A.34.2 Variable Retention and Model Specification

Variable Retention: To ensure that only the explanatory variables that add value to the models 

are retained, a stepwise variable importance analysis, based on different model fit metrics 

(adjusted R², AIC and BIC) is performed. In an initial step, a complete model, using all 
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theoretically justified explanatory variables, is estimated. Subsequently, each explanatory 

variable is dropped individually, and the resulting model is compared to the complete model. 

As all variables can be considered valuable (exclusion leads to lower adjusted R² or higher 

AIC/BIC), at least for some strategies, all variables are retained.

Model Specification: The framework is designed to explain 21-day rolling differences in each 

strategy's three main risk-adjusted return metrics ÿ (SR, Sortino and STARR). The strategy is 

denoted by ĉ and the dependent variables are defined as:ąĊ(ÿ,ĉ) = ýċĊĈÿĉĊÿÿ�30(ÿ,ĉ) 2 ýċĊĈÿĉĊăĈÿý(ÿ,ĉ) (ý18)
Adding the explanatory variables (as named in section A.34.1), we get the full model 

specification per strategy ĉ and metric ÿ in the form of:

ąĊ(ÿ,ĉ) = Ā0 + Ā1ÿÿą30āþÿĄĊ + Ā2ÿÿą30ąąĂ Ċ + Ā3ÿąĈĈĊ + Ā4ĂąĄĊ + Ā5ÿÿĂąĀĊ + Ā6þċčÿăċĊ+Ā7ăąąčĂċĀĈċĄĊĉĊ + Ā8þĀÿ_ĂąĂċăċĊ (ý19)
The explanatory variables are aligned in dates to ensure synchronous evaluation. The 

regressions are run per strategy and metric and produce a set of coefficients that enable 

assessment of the drivers of outperformance or underperformance per strategy and metric.

A.34.3 OLS Assumption Diagnostics and Estimation Method

Even though this section is only explorative, the same OLS assumption diagnostics and 

estimation method as described in section 3.7 are applied. Additionally, the stationarity of the 

underlying time series is assessed via an Augmented Dickey Fuller (ADF) test. As the 

underlying dataset is significantly smaller, these regressions use vcovHAC instead of 

NeweyWest to introduce HAC-robust variance-covariance matrices. VcovHAC is used with the 

default specifications, which applies a quadratic spectral kernel, automatic bandwidth selection 

following Andrews (1991) and no prewithening. Furthermore, the pairwise correlation between 

all variables (besides the COVID-Dummy) and the Variance Inflation Factors for each model 

are calculated to ensure multicollinearity is not a concern. 

A.34.4 Results

The following three Tables (30-32) show the main regression results across strategies. The 

previously described variable retention results and the results of the OLS assumption 

diagnostics can be downloaded under the following link:

Download Link – OLS Assumption Diagnostics (Explanatory Regressions)

https://www.dropbox.com/scl/fo/pydpowiftwsjl3ktzahuy/AK3224Ke_KpLunldTyPWi8Q?rlkey=zi5sxi0bb9tlst6tjh42rufvm&st=5og2p67p&dl=0
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Table 30: Explorative Explanatory Regressions – Sharpe Ratio Differences

Table 31: Explorative Explanatory Regressions – Sortino Ratio Differences

Table 32: Explorative Explanatory Regressions – STARR Differences

Table 30 shows that all strategies exhibit a positive intercept, indicating that CCI30-enhanced 

portfolios generally outperform their traditional counterparts regarding SR. This 

outperformance is, however, not constantly significant across strategies. Furthermore, it shows 

that the coefficients for CCI30_Mean are positive and highly significant across all strategies, 

suggesting that crypto momentum is a key driver of SR differences. In contrast, CCI30_Vol9s 

coefficients are negative and significant for almost all strategies. Thus, the SR-difference is 

typically severely decreased during high crypto volatility. This is unsurprising, as the SR is a 

direct function of mean excess returns and volatility. Therefore, it could be expected that mean 

returns and volatility of crypto assets strongly influence the rolling SR differences between 

traditional and crypto-enhanced portfolios. The effects of Corr are mixed and are mainly 
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insignificant at any reasonable level except for ERC, maxDiv and mv, which exhibit 

significantly larger positive differences when correlations are high. The coefficients for the VIX 

are typically small but positive and significant for maxSTARR, mv, bs-mv and crra. This 

indicates that these strategies benefit more from crypto inclusion in volatile market 

environments. The COVID dummy is positive and significant for nearly all strategies (besides 

ERC), suggesting that crypto-enhanced portfolios outperformed stronger during the 

COVID-19 crisis. Bearish regimes (Regime = 2) are connected to lower SR differences across 

all strategies, however, not in a significant manner for ERC, maxSTARR and crra. Lastly, 

increases in GoogleTrend typically slightly increase the SR differences, while BTC_Volume 

slightly decreases them. The coefficients for these two variables are not consistently significant.

The results for Sortino Ratio and STARR mainly exhibit similar patterns with slightly different 

magnitudes and levels of statistical significance. Adjusted R² values range from 0.120 to 0.699. 

This indicates that for some strategies a large portion of the variation is explained, while for 

others a large portion of the variation is left unexplained. A more detailed exploration, 

potentially including additional control variables and a broader empirical set-up, is left for 

future research. 

A.35 Download Link of Paired Portfolio Comparison with Different 
Parameters

Download Link – Paired Portfolio Comparison with Different Parameters

A.36 Download Link of R-Scripts used

Download Link – R-Scripts

A.37 Download Link of Base-Data

Download Link – Base-Data

A.38 Artificial Intelligence Declaration

I acknowledge the use of Artificial Intelligence (AI) to improve the text quality and support 

R1coding. An AI tool was employed for language refinement, including improving clarity, 

facilitating translation purposes, and setting up and adapting R-scripts. All contents derived 

from AI were reviewed and edited to ensure accuracy and adherence to academic standards.

https://www.dropbox.com/scl/fo/dn3mpx6t9hvag0mjplmz2/AE5Ba52RPqB93hLf4uZJ0wg?rlkey=9g26zp3wnga0coinmu5byoaym&st=dpl1a14i&dl=0
https://www.dropbox.com/scl/fo/881itwkbct56jvvh45oul/AA1tzGvc5W6MafQPMpPYGJo?rlkey=a5c34inlznarx6rzrtfxqg2vl&st=7m5mx17i&dl=0
https://www.dropbox.com/scl/fo/9kbrzbhd4f5lf3od6lvp3/AL_WAM2vei6oe-B2216CwDs?rlkey=rejtxgxvk03tcjytr5mk1jxzt&st=ke0axigb&dl=0

