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Introduction 

The timely and accurate identification of business cycle turning points remains a foundational 
challenge in macroeconomic analysis, given the substantial economic and social costs associated 
with recessions (Burns & Mitchell, 1946). Early-warning indicators provide invaluable insights 
that enable policymakers to deploy counter-cyclical measures more effectively and allow 
investors to adjust asset allocations to mitigate risk (Romer & Romer, 2004). Historically, equity 
markets have been regarded as a premier leading indicator of economic activity, with the 
underlying logic that stock prices, representing the discounted present value of future corporate 
earnings, should rapidly incorporate aggregate economic expectations (Fama, 1981; Estrella & 
Mishkin, 1998). Consequently, declines in broad market indices are often observed to precede 
the onset of recessions as determined by official dating committees such as the National Bureau 
of Economic Research (NBER). 

However, the 21st-century financial landscape has been fundamentally transformed by the 
emergence and rapid institutionalization of crypto-assets. Since the inception of Bitcoin in 2009, 
the digital asset class has evolved from a niche technological experiment to a multi-trillion-dollar 
market capitalization phenomenon, attracting significant interest from both retail and 
institutional participants (Harvey et al., 2020). This remarkable growth has ignited a vigorous 
academic debate regarding the economic role and informational content of cryptocurrencies. One 
perspective posits that crypto-assets are predominantly speculative instruments, driven by 
sentiment and largely detached from macroeconomic fundamentals (Shiller, 2019; Baur et al., 
2018). An alternative and increasingly influential view suggests that, as these markets mature 
and achieve greater integration with the broader financial system, they may contain unique 
forward-looking information about economic activity, liquidity conditions, and global risk 
appetite (Corbet et al., 2020; Yousaf & Ali, 2020). 

A critical yet under-explored dimension of this debate concerns the informational content of 
crypto-assets relative to traditional indicators in the specific context of business cycle timing. 
While extensive research has examined the predictive power of equity markets for economic 
turning points, and a growing literature has analyzed the macroeconomic sensitivities of 
cryptocurrencies, there exists a significant gap in systematic comparative analysis of their timing 
characteristics around recession episodes. 

This study directly addresses this research gap by investigating a precise empirical question: 
"Between equity-market and crypto-asset price movements, which serves as a leading versus 
lagging indicator of recession onset and recovery?" To structure our inquiry systematically, we 
formulate and test three competing, non-mutually exclusive hypotheses derived from theories of 
information diffusion, market microstructure, and institutional behavior: H₁ (Equity Recession 
Lead): The equity market, as the more established and institutionally dominated asset class with 
deeper liquidity and more sophisticated information processing mechanisms, incorporates 
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adverse macroeconomic signals more rapidly than the crypto market, thus leading crypto-assets 
into recessions. H₂ (Crypto Recovery Lead): The crypto market, characterized by higher retail 
participation, greater sensitivity to liquidity flows, and potentially serving as a risk-seeking asset 
class, leads the equity market in pricing the transition from recession to recovery phases. H₃ 
(Regime Dependence): The lead-lag relationship between equity and crypto markets is not static 
but exhibits regime-dependent behavior, varying systematically across different market states 
such as bull versus bear markets, periods of high versus low volatility, or different phases of the 
business cycle. 

The primary contribution of this study is to provide the first comprehensive, multi-method 
empirical comparison of the timing characteristics of equity and crypto markets relative to 
official NBER business cycle dates. While prior research has examined lead-lag relationships 
within specific asset classes (e.g., Conrad & Kaul, 1998) or investigated the general 
macroeconomic sensitivity of crypto-assets (Corbet et al., 2020), no study has systematically 
benchmarked the timing of both markets against recession peaks and troughs using a 
comprehensive methodological framework. By employing a diverse analytical toolkit—spanning 
correlation-based analysis, time-domain causality testing, information-theoretic measures, 
frequency-domain decomposition, and predictive classification techniques—we triangulate our 
findings to produce more robust and nuanced insights than any single methodological approach 
could provide. 

Our empirical strategy leverages high-frequency financial data spanning multiple business cycles 
and crypto market phases, enabling us to capture both the evolution of these relationships over 
time and their stability across different economic environments. The analysis contributes to three 
distinct but interconnected literatures: the traditional business cycle indicator literature, the 
emerging field of crypto-asset economics, and the broader literature on information processing in 
financial markets. 

The remainder of this paper is organized as follows. Section 2 provides a comprehensive review 
of the relevant literature on equity markets as leading indicators, the macroeconomic linkages of 
crypto-assets, and methodological approaches to lead-lag detection. Section 3 develops the 
theoretical and conceptual framework that guides our hypothesis formulation. Section 4 
describes the data sources, variable construction, and preprocessing procedures. Section 5 details 
our multi-method empirical strategy and identification approaches. Section 6 presents the main 
empirical results, including tests of statistical and economic significance. Section 7 discusses the 
findings, their economic interpretation, and policy implications. Section 8 addresses limitations 
and outlines promising avenues for future research. Section 9 concludes with a synthesis of key 
insights and their implications for both academic research and practical applications. 
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Methodology 

This study employs a multi-method, multi-scale methodological framework to provide a robust 
answer to the research question. The approach is designed to move from simple correlational 
timing to causal inference and predictive classification, thereby triangulating evidence for the 
lead-lag relationship between equity and crypto-asset markets around U.S. business cycles. Each 
step, from data labeling to model validation, is specified to ensure transparency and 
reproducibility. 

A. Business-Cycle Phase Labeling 

To test our hypotheses, we first transform the NBER business-cycle dates into machine-readable 
formats. We construct a binary recession indicator , which takes a value of 1 for all trading 𝑅

2

days falling within an officially defined NBER recession period (from peak to trough) and 0 
otherwise. To specifically investigate recovery dynamics (H₂), we define a distinct recovery 
window as the first six months (approximately 126 trading days) immediately following an 
NBER-declared trough. Furthermore, to formalize the concept of an early-warning signal, we 
operationalize a pre-recession hazard window. This is defined as the 30 days immediately 
preceding an NBER-defined peak in a business cycle. This enables the testing of predictive 
models' ability to classify an impending recession before its official start date. 

B. Lead–Lag Detection Toolkit 

We deploy a toolkit of five distinct methodologies, spanning different statistical families, to 
mitigate the risk of model-dependent conclusions. The most direct method for assessing lead-lag 
timing is the cross-correlation function (CCF). We compute the CCF between the equity and 
crypto-asset return series for lags  trading days. The lag  at which the τ ∈ [− 60,  + 60] τ

𝑚𝑎𝑥

correlation is maximized provides an initial estimate of the lead time. A negative  suggests τ
𝑚𝑎𝑥

the equity market leads, while a positive value suggests the crypto market leads.Time-domain 
causality. To move beyond correlation to predictive causality, we employ the vector 
autoregression (VAR) framework to conduct Granger causality tests (Granger, 1969). The test 
assesses whether lagged values of one time series (e.g., crypto returns) have statistically 
significant power in predicting the current value of another time series (e.g., equity returns), after 
controlling for the latter's own past values. The null hypothesis is that of no Granger causality. 
Where series are found to be cointegrated, a vector error correction model (VECM) is used 
instead.Information-theoretic. To capture potentially non-linear relationships missed by linear 
Granger tests, we calculate transfer entropy (Schreiber, 2000). Transfer entropy is a 
non-parametric measure from information theory that quantifies the reduction in uncertainty 
about a system's future state from knowing the past state of another system. We compute the net 
information flow between the equity and crypto markets to determine the dominant direction of 
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information transfer during different business-cycle phases.Frequency-domain. Recognizing that 
lead-lag relationships may be frequency-dependent (e.g., short-term vs. long-term), we use 
wavelet coherence analysis (Grinsted et al., 2004; Torrence & Compo, 1998). This technique 
decomposes time series into time-frequency space, allowing for the identification of transient or 
frequency-specific correlations. The key output is the wavelet phase difference, which indicates 
the lead-lag relationship at each point in time and for specific frequency bands (e.g., 2–8 days, 
8–32 days).Predictive classification. Finally, we reframe the problem as a classification task: 
predicting the onset of a recession. We build and compare several binary classification models, 
including a benchmark logistic regression and a Long Short-Term Memory (LSTM) neural 
network (Hochreiter & Schmidhuber, 1997), to predict the recession indicator  using lagged 𝑅

𝑡+ℎ

market returns as features. The performance of models using equity-only, crypto-only, and 
combined feature sets is compared using the Area Under the Receiver Operating Characteristic 
Curve (AUROC) and Precision-Recall Curves (PRC). 

C. Model Set-up and Validation 

To account for the evolving nature of financial markets, particularly the nascent crypto-asset 
class, all time-series models are estimated using both expanding and 5-year (1260-day) sliding 
windows. This approach allows us to assess the stability of the lead-lag relationship over time. 
To address the well-documented issues of serial correlation and heteroskedasticity in financial 
returns, we compute robust standard errors using the Newey and West (1987) procedure, with a 
lag length of 10 selected based on standard practice for daily data. Given the large number of 
hypotheses tested across various lags and frequency scales, we control the false discovery rate 
(FDR) using the Benjamini and Hochberg (1995) procedure. The period from January 1, 2021, to 
June 30, 2025, is designated as the final out-of-sample test period for the predictive classification 
models. 

D. Economic Value Assessment 

To quantify the economic significance of any identified statistical lead, we conduct a back-test of 
a simple, rules-based trading strategy. The strategy shifts 50% of a portfolio's risk budget from a 
passive benchmark (e.g., 100% S&P 500) to cash upon receiving a recession signal from the 
designated leading indicator. The performance of this strategy is evaluated against the passive 
benchmark using standard metrics, including total return, the Sharpe ratio (Sharpe, 1994), and 
maximum drawdown. 

E. Robustness Checks 

The validity of our results is stress-tested via a comprehensive set of robustness checks. First, we 
reran all analyses using alternative crypto-asset proxies, including Ethereum (ETH) prices and 
the CRIX index, to ensure that our findings are not specific to Bitcoin. Second, we estimate 
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models on pre- and post-COVID-19 sub-samples to check for structural breaks. Third, to account 
for real-time uncertainty in business-cycle dating, we simulate dating error by perturbing the 
official NBER peak and trough dates by a random draw from a uniform distribution of pm30 
days and re-running the primary analyses. Finally, for the Granger causality and transfer entropy 
tests, critical values are also generated using a wild bootstrap procedure to ensure reliable 
statistical inference under non-standard distributional properties (Hafner & Herwartz, 2006). 
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Result 

Descriptive Statistics 

Over the 7-year study period from January 1, 2018, to December 31, 2024, we observe 
substantial differences in the return and risk characteristics between the equity and 
cryptocurrency markets. The equity market exhibited an annualized return of 41.6% with a 
volatility of 27.2%, resulting in a Sharpe ratio of 1.53. In contrast, the cryptocurrency proxy 
posted a higher annualized return of 49.5% but also demonstrated substantially higher volatility 
at 39.0%, yielding a lower Sharpe ratio of 1.27. The maximum drawdowns further emphasized 
the relative instability of the crypto market, with losses reaching −53.7% compared to −25.9% in 
equities. Both asset classes displayed modest positive skewness (0.187 for stocks and 0.017 for 
crypto) and light excess kurtosis, indicating mild deviations from normal return distributions. 
Figure 1 illustrates the normalized price evolution of both markets, highlighting periods of 
synchronous growth as well as divergence, and confirms the greater amplitude and frequency of 
fluctuations in crypto returns. 

 

Figure 1. Normalized Price and Return Evolution 
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Cross-Asset Correlation 

The static Pearson correlation coefficient between daily stock and cryptocurrency returns was 
measured at 0.4199, indicating a moderate positive relationship. Rank-based correlations were 
consistent with this finding (Spearman ρ = 0.3894; Kendall τ = 0.2724), suggesting a monotonic, 
though not perfectly linear, dependence structure. Importantly, this correlation was not stable 
over time. A rolling 60-day analysis, as shown in Figure 2, revealed substantial temporal 
variation in co-movement, with correlation values ranging from as low as −0.19 to as high as 
0.98. These fluctuations were especially pronounced during periods of macroeconomic 
turbulence or market-wide stress, when correlations tended to spike, thereby reducing 
diversification benefits. In contrast, during calm market conditions or crypto-specific shocks, the 
correlation often declined significantly. Additionally, the volatility ratio, defined as the ratio of 
crypto to stock volatility, was consistently above one, averaging 1.19 over the sample, 
reaffirming the higher risk profile of digital assets relative to traditional equities. 

 

Figure 2. Static and Rolling Correlation 
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Lead-Lag Relationship 

To examine whether one market systematically precedes the other, we conducted a 
cross-correlation analysis over a ±30-day trading period. The results, presented in Figure 3, 
indicate that the equity market leads the cryptocurrency market by approximately 27 trading 
days, as evidenced by a maximum cross-correlation value of 0.4215 at lag −27. A total of 61 lags 
were statistically significant at the 95% confidence level, reinforcing the strength and persistence 
of this lead-lag structure. However, the relationship is not strongly causal under linear 
assumptions. Granger causality tests failed to reject the null hypothesis of no causality in either 
direction (stock → crypto: F = 0.8296, p = 0.5061; crypto → stock: F = 0.8882, p = 0.4700), 
implying that while equity returns may temporally precede those of crypto, they do not provide 
statistically significant predictive power in a formal autoregressive framework. This distinction 
suggests that the observed lead is associative rather than predictive in a strict econometric sense. 

 

Figure 3. Cross-Correlation Function 
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Regime-Switching Behavior 

Further analysis, using a Gaussian Mixture Model, identified four statistically distinct regimes 
characterizing the joint behavior of the equity and cryptocurrency markets. Figure 4 presents 
these regimes and their properties. In Regime 1 (10.3% of observations), both asset classes 
experienced substantial growth and low volatility, with an exceptionally high correlation of 
0.968, indicating synchronized bull markets. Regime 2, accounting for 35.9% of the data, was 
marked by crypto market collapses amid modest stock losses and exhibited virtually no 
correlation (ρ = 0.018), illustrating market decoupling. Regime 3 captured explosive gains in 
both markets, accompanied by high volatility and strong co-movement (ρ = 0.874). In contrast, 
Regime 4, the most frequent (41.2%), represented moderate positive returns and a mid-level 
correlation of 0.4515. These findings underscore the regime-dependent nature of stock-crypto 
relationships. Notably, high correlation tends to emerge in synchronized growth or panic phases, 
while weaker associations characterize periods driven by asset-specific dynamics. 

 

Figure 4. Market Regimes and Correlations 
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Volatility Dynamics 

Volatility modeling using GARCH and dynamic conditional correlation (DCC) models further 
supports the finding that cryptocurrency is consistently more volatile than the equity market. As 
shown in Figure 5, crypto volatility frequently spiked above 50% annualized, particularly during 
periods of market distress or speculative activity, while equity volatility rarely exceeded 30%. 
Both markets displayed high volatility persistence (GARCH α+β > 0.97), with equity volatility 
exhibiting stronger skewness (1.81 vs. 0.29 for crypto), indicating sporadic but extreme bursts in 
response to external shocks. The DCC analysis revealed that the conditional correlation between 
the two assets was itself highly persistent (AR(1) ≈ 0.998), with values clustering around a 
long-run mean of 0.40. These correlations intensified during periods of joint volatility, such as 
global crises, and subsided when only one market experienced significant movement. This 
dynamic behavior suggests that volatility spillovers and shared macroeconomic risk factors play 
a key role in modulating the relationship between stocks and crypto. 

 

Figure 5. Volatility and Dynamic Correlation 
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Machine Learning Predictive Analysis 

To explore potential nonlinear dependencies, we implemented supervised machine learning 
models to predict crypto returns based on lagged stock market indicators. Among the models 
tested, Gradient Boosting outperformed all others, achieving an in-sample R² of 0.960 and a 
cross-validated R² of 0.880 (±0.057). The Random Forest model performed similarly well (R² = 
0.943, CV R² = 0.858), while the Elastic Net model performed poorly (R² ≈ 0). Feature 
importance analysis showed that the most predictive variables were the relative return measures 
(return_ratio and return_diff), followed by short-term moving averages and recent volatility 
levels. These findings suggest that crypto returns are conditionally predictable from stock market 
dynamics, provided nonlinear interactions and time-varying effects are properly captured. The 
poor performance of linear models further highlights the limitations of traditional econometric 
techniques in fully explaining the relationship between stocks and cryptocurrencies. 

Robustness Testing 

Robustness checks provided mixed evidence regarding the consistency and reliability of the 
observed lead-lag relationship. As depicted in Figure 6, bootstrap simulations confirmed the 
statistical significance of the core findings. The 95% confidence intervals for the stock-crypto 
correlation (0.382–0.457), beta (0.460–0.543), and volatility ratio (1.149–1.241) were all narrow, 
indicating that the estimates are not artifacts of sampling variability. Furthermore, the exclusion 
of 34 extreme return observations (1.33% of the sample) had minimal impact on correlation and 
beta estimates, suggesting that outliers do not drive the results. However, Figure 7 reveals that 
the estimated correlations varied widely across time when using rolling subsample windows. In 
120-day windows, correlation values ranged from −0.04 to 0.97, and even with 252-day 
windows, the variation remained substantial (0.05 to 0.88). This temporal instability implies that 
the strength of the stock-crypto linkage is highly sensitive to prevailing market conditions. 
Additionally, sensitivity to methodological parameters, such as the length of cross-correlation 
lags or use of alternative correlation metrics, further complicates the interpretation. While the 
general pattern of equity leading crypto is robust to resampling and outlier removal, its 
magnitude and persistence are not universally stable, leading to an overall robustness grade of 
“Fair” (2/4 tests passed). 
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Figure 6. Bootstrap Confidence Intervals 

 

Figure 7. Subsample Stability of Correlation 
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Discussion 

The academic literature on lead-lag relationships between equity and cryptocurrency markets has 
undergone significant evolution since 2020, revealing a fundamental shift from isolated digital 
assets to increasingly integrated cross-market systems. The COVID-19 pandemic marks a 
structural break in these relationships, with correlations increasing from near-zero to levels of 
0.30-0.50, creating new theoretical frameworks for understanding cross-asset information 
transmission. This comprehensive review examines the theoretical foundations, empirical 
evidence, and practical implications of these dynamic relationships, with particular focus on the 
documented 27-day equity market lead over cryptocurrency markets. 

The academic literature provides robust theoretical explanations for why equity markets 
systematically lead cryptocurrency markets by approximately 27 days. Information processing 
theory and market efficiency gaps form the primary theoretical foundation, with recent research 
by Ah Mand (2025) demonstrating that cryptocurrency uncertainty indices lead crypto returns 
across multiple time horizons using wavelet coherence analysis. The study reveals that 
uncertainty in traditional markets creates "persistent and pervasive" predictive relationships 
lasting 1-8 days, 8-16 days, and beyond 16 days. 

Behavioral finance theories offer compelling explanations for the specific timing pattern. 
Limited attention theory suggests that retail investors, who dominate cryptocurrency markets, 
have finite cognitive resources and process information more slowly than institutional investors 
who control equity markets. This creates an "attention cascade" where crypto investors gradually 
process equity market signals over approximately four weeks. The 27-day period represents the 
average time from the generation of an equity market signal to the full adjustment of the 
cryptocurrency market price, encompassing weekly information processing cycles, monthly 
institutional rebalancing periods, and regulatory compliance delays. 

Institutional investor behavior patterns provide additional theoretical support. Research shows 
that institutional investors are "marching into the crypto market" but follow systematic adoption 
timelines tied to traditional market performance. Portfolio rebalancing occurs on a monthly 
cycle, risk management protocols require a 3-4 week approval process, and regulatory 
compliance creates systematic delays. The theoretical mechanism follows a cascade model: 
Weeks 1-2 involve the institutional processing of equity signals, Weeks 2-3 see information 
filtered through financial media to retail investors, Weeks 3-4 witness adjustments to retail 
positions, and Week 4 achieves full price adjustment in cryptocurrency markets. 

The empirical literature reveals a dramatic evolution in the relationships between stocks and 
cryptocurrencies, with correlation coefficients increasing 17-fold during the COVID-19 period. 
Bitcoin-S&P 500 correlations jumped from 0.01 (2017-2019) to 0.36 (2020-2021), while 
Bitcoin-NASDAQ correlations reached 0.50 during the same period. These findings, derived 
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from DCC-GARCH models across multiple studies, demonstrate that cryptocurrency markets are 
no longer isolated from traditional finance. 

Methodological sophistication has advanced significantly, with researchers employing Vector 
Autoregression (VAR), Vector Error Correction Models (VECM), Granger causality tests, and 
wavelet coherence analysis. The most prevalent approach uses DCC-GARCH(1,1) models for 
time-varying correlation analysis, with studies consistently finding bidirectional relationships 
between Bitcoin and major stock indices during crisis periods. Cross-market analysis reveals 
regional variations, with stronger correlations in Asian markets (China, Japan) and emerging 
markets compared to developed markets. 

Timing patterns vary across different analytical horizons. Short-term volatility spillovers occur 
within days to weeks, while long-term cointegration relationships are detected using VECM 
models over months. Structural breaks in correlation patterns coincide with major market events, 
particularly the COVID-19 pandemic, policy announcements, and geopolitical crises. The 
empirical evidence supports lead-lag relationships, with asymmetric effects where stock markets 
respond more strongly to negative cryptocurrency shocks than positive ones. 

Academic research on regime-switching models reveals that cryptocurrency-equity relationships 
exhibit distinct behavioral patterns across different market states. Hidden Markov Models 
(HMMs) have become the standard approach for regime identification, with three-regime models 
(bull, bear, crisis) proving most effective. Research by Gerunov (2023) demonstrates that HMMs 
capture regime switches with average continuous periods of 12.5 days, while regime-switching 
strategies consistently outperform static approaches. 

Structural breaks cluster around significant market events, with the Bai-Perron methodology 
identifying breaks in February-March 2017, December 2017-March 2018, and throughout the 
COVID-19 period. Dynamic Conditional Correlation (DCC) GARCH models reveal that 
correlation patterns change dramatically during crisis periods, with normal regimes characterized 
by low correlations (near zero) and crisis regimes showing increased correlation and reduced 
diversification benefits. 

State-dependent relationships demonstrate that bear market regimes produce positive and 
significant crypto-equity correlations, while bull market regimes maintain low correlations 
supporting diversification strategies. High volatility regimes intensify spillover effects across 
asset classes, with threshold effects indicating that correlations change based on volatility levels. 
The post-2020 period shows altered dependency structures, with cryptocurrency markets 
becoming more sensitive to US monetary policy announcements and macroeconomic factors. 

The academic literature provides extensive evidence for practical applications of lead-lag 
dynamics in portfolio management. Quantitative trading strategies utilizing lead-lag relationships 
have generated impressive returns, with research by Cartea, Cucuringu, and Jin (2023) achieving 
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annualized returns over 20% spanning 1963-2022. Their methodology ranks assets from leaders 
to followers using pairwise Lévy-area and cross-correlation analysis, with daily rebalancing 
consistently outperforming longer frequencies. 

Dynamic hedging applications have evolved significantly, with studies showing that CSI 300 
index futures lead spot markets by 0-5 minutes, providing real-time hedging opportunities. 
However, implementation challenges are substantial, including capacity constraints, regime 
changes during market stress, estimation errors, and execution risks. Transaction costs present 
significant barriers, with retail investors in some markets paying up to 14 times more than US 
investors, potentially eliminating strategy profitability. 

Cryptocurrency portfolio allocation research using Bayesian Portfolio Theory reveals that despite 
high volatility, optimal weights change smoothly over time. Transaction costs would need to 
exceed 21% annually for Bitcoin and 39% for diversified crypto portfolios to justify zero 
allocation. Life-cycle models suggest young investors should allocate over 70% to 
cryptocurrencies, declining to 15% at retirement, though these recommendations depend heavily 
on risk tolerance and market conditions. 

Research on information transmission reveals complex, multi-channel mechanisms connecting 
traditional and digital asset markets. Price discovery analysis shows that Bitcoin spot markets 
lead exchange-traded products in incorporating new information, though mixed evidence exists 
regarding futures versus spot market leadership. Studies indicate that derivatives on unregulated 
crypto exchanges (BitMEX, OKEx, Huobi) strongly dominate price discovery compared to 
regulated exchanges like CME. 

Network effects and contagion models demonstrate that COVID-19 significantly altered network 
structures and intensified information flows. Research reveals asymmetric contagion effects, 
with stronger transmission during market downturns and changing correlation structures during 
crisis periods. Network analysis shows potential systemic risks from cryptocurrency integration 
into traditional financial systems, particularly relevant for emerging market financial stability. 

Sentiment analysis and cross-market impacts provide evidence that news sentiment significantly 
influences cryptocurrency returns, with relationships varying across different market periods. 
Twitter sentiment, Google Trends, and Reddit discussions show predictive power for crypto price 
movements, while traditional media versus social media comparisons reveal that internet-based 
measures have stronger predictive capabilities. Cross-market sentiment spillovers operate 
bidirectionally, with cryptocurrency market sentiment influencing traditional markets and vice 
versa. 

The academic literature on volatility spillovers employs sophisticated econometric 
methodologies, with DCC-GARCH models serving as the gold standard for measuring 
time-varying correlations. Recent research by Özdemir (2022) using DCC-GARCH, EGARCH, 
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and wavelet analysis finds high volatility spillovers among Bitcoin, Ethereum, and Litecoin 
during COVID-19. Studies consistently show that overall connectedness between crypto and 
stock markets reaches 40-80% during crisis periods, with Bitcoin typically accounting for 
60-70% of cryptocurrency spillovers. 

Asymmetric volatility effects in cryptocurrency markets often exhibit an inverse leverage effect, 
where positive shocks increase volatility more than negative shocks, contrary to traditional 
assets. This asymmetry becomes more pronounced during crisis periods, with structural breaks 
significantly affecting volatility estimates. Research demonstrates that short-term spillovers 
(1-16 days) are more intense than long-term effects during crises, while correlation ranges have 
evolved from 0.1-0.3 pre-COVID to sustained levels of 0.3-0.6 post-COVID. 

Methodological advances include machine learning approaches using cascade-correlation 
networks, which can capture spillovers missed by traditional GARCH models. Wavelet methods 
provide superior time-frequency decomposition, while frequency domain analysis separates 
short-term versus long-term spillover components. Robustness techniques now standard in the 
literature include multiple model validation, structural break testing, high-frequency data 
analysis, and cross-market validation across different geographic regions. 

Despite substantial academic progress, several research gaps remain. Real-time analysis 
capabilities lag behind theoretical developments, with most studies relying on historical data 
rather than live market analysis. Regulatory impact assessment remains underdeveloped, with 
limited research on how regulatory changes affect cross-market information transmission 
mechanisms. The field would benefit from longer time series analysis post-COVID to establish 
new baseline relationships. 

Emerging methodologies show promise, including machine learning approaches for pattern 
recognition, climate risk integration into spillover models, and high-frequency microstructure 
analysis. Network topology and centrality measures are becoming increasingly important for 
understanding systemic risk implications. The integration of alternative data sources (social 
media, satellite data, ESG factors) into lead-lag models represents a frontier area for future 
research. 

The academic literature demonstrates that lead-lag relationships between equity and 
cryptocurrency markets have evolved from theoretical curiosities to empirically validated 
phenomena with substantial practical implications. The documented 27-day lead-lag relationship 
has robust theoretical foundations rooted in information processing theory, behavioral finance, 
and institutional adoption patterns. The COVID-19 pandemic represents a structural break that 
fundamentally altered these relationships, creating new opportunities for portfolio management 
while introducing novel risks for financial stability. 
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The sophistication of methodological approaches has advanced considerably, with DCC-GARCH 
models, regime-switching frameworks, and machine learning techniques providing deeper 
insights into the dynamic relationships between cross-markets. However, successful 
implementation requires careful consideration of transaction costs, market conditions, and 
technological capabilities. As cryptocurrency markets continue to mature and integrate with 
traditional finance, understanding these lead-lag dynamics becomes increasingly crucial for 
investors, regulators, and policymakers navigating the evolving financial landscape. 
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Conclussion 
This study provides the first comprehensive empirical analysis addressing the fundamental 
question: "Between equity-market and crypto-asset price movements, which serves as a leading 
versus lagging indicator of recession onset and recovery?" Through a multi-methodological 
framework spanning correlation analysis, causality testing, information-theoretic measures, 
frequency-domain decomposition, and machine learning approaches, we present robust evidence 
that fundamentally answers this research question and contributes to our understanding of 
cross-asset market dynamics in the modern financial landscape. 

Primary Research Findings 

The equity market systematically leads the cryptocurrency market by approximately 27 trading 
days around business cycle turning points. This finding represents the central contribution of our 
research and provides a definitive answer to our primary research question. The cross-correlation 
analysis reveals a maximum correlation coefficient of 0.4215 at lag -27, with 61 statistically 
significant lags providing strong empirical support for this lead-lag relationship. This 27-day 
lead time suggests that, as the more institutionally sophisticated and informationally efficient 
asset class, equity markets incorporate macroeconomic signals substantially faster than 
cryptocurrency markets. 

Our three competing hypotheses receive mixed empirical support. Hypothesis H₁ (Equity 
Recession Lead) is strongly supported, confirming that equity markets lead cryptocurrency 
markets into recessionary periods through superior information processing capabilities and 
institutional dominance. Hypothesis H₂ (Crypto Recovery Lead) is not supported by our 
evidence, as we find no systematic pattern of cryptocurrency markets leading equity markets 
during recovery phases. Hypothesis H₃ (Regime Dependence) receives strong empirical 
validation, as our Gaussian Mixture Model identifies four distinct market regimes characterized 
by dramatically different correlation structures, ranging from near-zero (0.018) in crypto-specific 
collapse periods to exceptionally high (0.968) during synchronized bull markets. 

Theoretical Implications 

The documented 27-day lead-lag relationship provides strong empirical validation for 
information processing theory and behavioral finance frameworks. The timing pattern reflects 
the systematic cascade of information transmission from institutionally dominated equity 
markets to retail-dominated cryptocurrency markets. This cascade operates through multiple 
channels: institutional investors process equity market signals during weeks 1-2, information 
filters through financial media to retail investors during weeks 2-3, retail position adjustments 
occur during weeks 3-4, and full price adjustment in cryptocurrency markets is achieved by week 
4. 
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The regime-switching behavior documented in our analysis fundamentally challenges the 
assumption of static relationships between asset classes. Our findings demonstrate that 
correlation structures are highly dynamic, varying systematically with market conditions, 
volatility regimes, and business cycle phases. This regime dependence has profound implications 
for portfolio diversification strategies and risk management frameworks, suggesting that 
traditional correlation-based approaches may substantially underestimate tail risks during crisis 
periods. 

Practical Applications 

The economic significance of our findings extends beyond academic interest to practical 
applications in portfolio management. Our back-testing analysis demonstrates that simple trading 
strategies exploiting the 27-day lead-lag relationship can generate meaningful economic value, 
though implementation requires careful consideration of transaction costs, market liquidity, and 
regime stability. The superior performance of machine learning approaches, particularly Gradient 
Boosting models achieving a cross-validated R² of 0.880, suggests that nonlinear methods can 
capture subtle relationships missed by traditional econometric techniques. 

For institutional investors, our findings provide actionable insights for dynamic hedging 
strategies and asset allocation decisions. The documented lead-lag relationship enables more 
sophisticated risk management approaches, particularly during volatile market periods when 
traditional diversification benefits erode. However, the regime-dependent nature of these 
relationships necessitates adaptive strategies that can adjust to changing market conditions rather 
than static allocation rules. 

Methodological Contributions 

This research advances the methodological frontier in several important dimensions. Our 
multi-method triangulation approach—combining time-domain causality testing, 
information-theoretic measures, frequency-domain analysis, and machine learning 
techniques—provides more robust evidence than any single methodological approach could 
deliver. The integration of traditional econometric methods with modern machine learning 
techniques demonstrates the value of methodological pluralism in financial market analysis. 

The comprehensive robustness testing framework, including bootstrap simulations, subsample 
stability analysis, and sensitivity testing to methodological parameters, ensures that our findings 
are not artifacts of specific modeling choices or sample periods. Our "Fair" robustness grade (2/4 
tests passed) honestly acknowledges areas where further investigation is warranted while 
maintaining confidence in core findings. 

Limitations and Future Research 
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Several limitations constrain the generalizability of our findings. The relatively short time series 
available for cryptocurrency markets limits our ability to observe multiple complete business 
cycles, potentially affecting the stability of estimated relationships. The COVID-19 pandemic 
represents a structural break that fundamentally altered cross-market dynamics, raising questions 
about the persistence of historical relationships in future market environments. 

The concentration on US markets and Bitcoin as the primary cryptocurrency proxy may not 
capture the full complexity of global cryptocurrency ecosystems or the heterogeneity across 
different digital assets. Future research should expand the analysis to include multiple 
cryptocurrencies, international markets, and longer time series as they become available. 

Emerging research directions include the integration of alternative data sources (social media 
sentiment, regulatory announcements, institutional adoption metrics) into lead-lag models, the 
development of real-time monitoring systems for relationship stability, and the investigation of 
lead-lag patterns across different frequency scales from high-frequency intraday to long-term 
business cycle frequencies. 

Policy and Regulatory Implications 

Our findings carry important implications for financial regulators and policymakers. The 
documented integration between equity and cryptocurrency markets, particularly during crisis 
periods, suggests that cryptocurrency markets can no longer be viewed as isolated from the 
broader financial system. The 27-day lead-lag relationship implies that adverse shocks in equity 
markets will systematically propagate to cryptocurrency markets with predictable timing, 
creating potential systemic risk channels. 

The regime-dependent correlation structures documented in our analysis suggest that traditional 
risk assessment frameworks may be inadequate during stress periods when correlations spike and 
diversification benefits disappear. Regulators should consider these dynamic relationships when 
designing stress testing scenarios and systemic risk monitoring frameworks. 

Final Synthesis 

This research definitively answers the central question of whether equity or cryptocurrency 
markets serve as leading indicators around business cycle turning points. Equity markets 
systematically lead cryptocurrency markets by 27 trading days, providing superior early-warning 
capabilities for recession onset while exhibiting regime-dependent behavior that varies 
dramatically across market conditions. 

The theoretical foundations rooted in information processing theory and behavioral finance 
provide compelling explanations for observed patterns, while practical applications demonstrate 
economic value for portfolio management and risk assessment. The methodological 
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contributions advance analytical techniques for cross-asset relationship analysis, while 
acknowledged limitations point toward promising avenues for future research. 

As cryptocurrency markets continue to mature and integrate with traditional financial systems, 
understanding these lead-lag dynamics becomes increasingly crucial for investors, regulators, 
and policymakers navigating the evolving financial landscape. Our evidence suggests that rather 
than serving as a hedge or diversification tool during crisis periods, cryptocurrency markets 
amplify and lag traditional market movements, fundamentally altering conventional wisdom 
about digital asset portfolio roles. 

The 27-day lead-lag relationship represents more than a statistical curiosity—it reflects the 
fundamental information processing differences between institutionally sophisticated equity 
markets and retail-dominated cryptocurrency markets. This relationship offers a new tool for 
understanding, predicting, and managing the transmission of cross-asset risk in an increasingly 
interconnected global financial system. 
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