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investment advice. Given the pervasive opacity of commercial trading platforms—which rarely
disclose time-stamped historical signals—we adopt a dual-methodology approach: (1) a qualitative
review of publicly reported performance metrics from leading Al trading platforms, and (2) the
construction of two transparent signal-generation models employing short-term and long-term trend
identification strategies using daily Bitcoin (BTC)/Tether (USDT) data from January 2020 through
early 2026. We evaluate these models using a comprehensive battery of risk-adjusted performance
measures (Sharpe ratio, Sortino ratio, Jensen's alpha, and maximum drawdown), compare signal
agreement across temporal horizons, and assess performance variations across early and later market
periods. Our findings reveal significant heterogeneity in signal generation and risk-adjusted returns,
suggesting that Al-assisted trading recommendations are not fungible. Regulatory announcements
appear to induce short-term volatility spikes, though long-term effects remain inconclusive. These
results carry important implications for investors, fintech firms, and regulators, underscoring the
critical need for enhanced transparency and coordinated policy frameworks in the rapidly evolving
digital asset ecosystem.
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1. INTRODUCTION

Cryptocurrency markets represent a paradigm shift in financial asset trading, characterized by extreme price volatility, continuous
24/7 trading, fragmented liquidity, and a retail-dominated investor base that exhibits pronounced sentiment-driven behavior (Baur
et al., 2018; Urquhart, 2018). These distinctive market microstructures render cryptocurrencies particularly susceptible to
technological innovations that influence trading behavior and information processing. Concurrently, the proliferation of artificial
intelligence (Al)-powered financial tools—encompassing predictive analytics, automated trading bots, conversational large
language models, and algorithmic advisory platforms—has fundamentally altered how investors analyze market data, generate
trading signals, and execute transactions (Garcia, 2025; Ogunmola, 2025).

Al systems offer compelling advantages for cryptocurrency trading: they can process vast amounts of market and sentiment
data at superhuman speeds, identify complex patterns that are imperceptible to human traders, and execute trades with millisecond
precision, potentially enhancing forecasting accuracy and risk-adjusted returns (Aldridge & Krawciw, 2017). However, these
capabilities introduce novel risks that remain inadequately understood. AI models may behave unpredictably during crisis
conditions—periods characterized by volatility spikes, extreme sentiment shocks, and historical training data that may prove
unrepresentative of current market dynamics (Sornette, 2003). Furthermore, Al-driven financial tools raise fundamental concerns
regarding data privacy, algorithmic transparency, model interpretability, and the potential for systematic errors or "hallucinations"
that could propagate through financial markets (European Commission, 2021).
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The intersection of Al and cryptocurrency markets further complicates an already complex regulatory landscape. The
United States has historically emphasized free market principles while maintaining regulatory frameworks designed to protect
investors and ensure market integrity. However, the rapid evolution of both Al capabilities and cryptocurrency markets has outpaced
regulatory adaptation, creating uncertainty regarding the legal status of Al-driven trading tools, the disclosure requirements for
algorithmic advisory platforms, and the extent to which existing securities and commodities laws apply to novel digital assets
(Congressional Research Service, 2023). This regulatory ambiguity itself may contribute to market volatility, as participants price
in uncertainty about future policy directions (Engel & McCoy, 2011).

The existing literature examining Al and cryptocurrencies has largely remained at a conceptual or promotional level.
Ogunmola (2025) discusses the digital economy broadly, addressing Al, cryptocurrencies, and blockchain within the context of
secure system design and user trust, without providing systematic empirical analysis. Garcia (2025) offers a more focused
examination of Surf, a crypto-specific Al platform, documenting its business model, performance claims, and early adoption patterns,
but does not subject these claims to rigorous empirical scrutiny. More broadly, while the literature on algorithmic trading in
traditional equity markets is extensive (Hendershott et al., 2011; Kirilenko & Lo, 2013), the application of Al to cryptocurrency
markets presents distinct challenges and opportunities that warrant dedicated investigation.

A central challenge in evaluating Al-driven crypto advisory platforms is the opacity that characterizes this industry. Most
commercial platforms do not publicly disseminate time-stamped, historical trading signals in formats that enable systematic cross-
platform comparison. Instead, platforms typically provide selective backtesting summaries, marketing-oriented performance claims,
and dashboard access contingent upon user registration and payment. This transparency gap impedes both academic research and
informed investor decision-making, as it becomes difficult to verify platform claims or identify systematic differences in signal
generation across providers.

This paper addresses these gaps through a dual-methodology approach. First, we conduct a qualitative review of publicly
reported performance metrics from several widely used Al crypto trading platforms, documenting the types of information available
and identifying systematic transparency deficiencies. Second, we construct two transparent, rule-based signal-generation models—
a short-term trend model and a long-term trend model—using daily BTC/USDT price data from January 2020 through early 2026.
These models, grounded in the well-established literature on technical trading rules and time-series momentum (Brock et al., 1992;
Moskowitz et al., 2012), allow us to simulate the types of directional recommendations that commercial Al platforms claim to
produce, while maintaining complete methodological transparency.

We evaluate our models using a comprehensive suite of risk-adjusted performance measures—Sharpe ratio, Sortino ratio,
Jensen's alpha, and maximum drawdown—and analyze signal agreement and disagreement across different time horizons. We
further assess whether performance changes across early versus later market periods, providing insight into the temporal stability of
algorithmic trading signals. Finally, we examine the relationship between major U.S. regulatory announcements and market
volatility, drawing implications for investors, fintech firms, and policymakers.

Our findings make several contributions to the literature. First, we document substantial heterogeneity in signal generation
and risk-adjusted returns across models, suggesting that Al-assisted trading recommendations are not fungible and that platform
choice materially affects investment outcomes. Second, we find that the effectiveness of algorithmic trading signals varies
significantly over time and across market regimes, consistent with the Adaptive Markets Hypothesis (Lo, 2004). Third, we observe
that regulatory announcements tend to induce short-term volatility spikes, though long-term effects remain inconclusive,
highlighting the need for coordinated and predictable regulatory frameworks. These findings have implications for investors seeking
to evaluate Al trading tools, fintech firms designing and marketing such tools, and regulators striving to balance innovation with
investor protection.

The remainder of this paper proceeds as follows. Section 2 provides the relevant literature and theoretical foundations,
develops our research hypotheses, and operationalizes them for empirical testing. Section 3 describes our methodology, including
platform review protocols, signal-generation model construction, and performance evaluation framework. Section 4 presents our
results and discussion. Section 5 discusses synthesis and integration. Section 6 concludes with implications for stakeholders and
directions for future research.

2. THEORY AND HYPOTHESIS DEVELOPMENT

The intersection of artificial intelligence, cryptocurrency markets, and financial regulation constitutes a complex adaptive
system in which technological innovation, market microstructure, and institutional frameworks interact in nontrivial ways.
Cryptocurrency markets exhibit distinctive characteristics—24/7 continuous trading, fragmented liquidity, pronounced retail
participation, high sensitivity to sentiment, and the absence of conventional valuation anchors (Baur et al., 2018; Urquhart, 2018)—
that render them particularly susceptible to technological interventions. Simultaneously, Al-powered financial tools have
fundamentally transformed how market participants generate signals, assess risk, and execute transactions (Aldridge & Krawciw,
2017; Goldstein et al., 2021), yet commercial platform opacity impedes both academic research and informed investor decision-
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making. These dynamics raise three interconnected questions regarding signal heterogeneity, the erosion of algorithmic advantages,
and regulatory impacts on market volatility.

2.1 Platform Heterogeneity and Signal Divergence (H1)

The first question concerns whether Al-driven advisory platforms produce divergent recommendations for the same assets.
Grounded in information economics and behavioral finance, we argue that platform heterogeneity is not merely incidental but
systematic. The Efficient Market Hypothesis (Fama, 1970) assumes full information reflection, yet cryptocurrency markets exhibit
high fragmentation and noise trading (Baur et al., 2018), challenging this assumption. Drawing on Grossman and Stiglitz (1980),
information acquisition is costly, and platforms make distinct trade-offs—some emphasizing on-chain data, others sentiment
analysis, still others technical indicators—creating divergent information sets. The "no free lunch" theorem (Wolpert & Macready,
1997) further establishes that no algorithm universally outperforms others; neural networks, gradient boosting, and hybrid
architectures capture different patterns. Under Knightian uncertainty (1921), platforms resolve ambiguity through different
modeling assumptions. Moreover, Tversky and Kahneman (1974) demonstrate that decision-making depends on problem framing;
platforms embed specific risk-return trade-offs, while principal-agent misalignment (Jensen & Meckling, 1976) means developers
may optimize for marketable metrics rather than investor welfare. Thus, we expect the following:

H1: When investors utilize multiple AI-driven platforms, recommendations will diverge systematically due to heterogeneous data
inputs, algorithmic architectures, risk frameworks, and investment objectives.

2.2 Algorithmic Convergence and Alpha Decay (H2)

The second question addresses whether the proliferation of Al tools erodes their informational advantage through herding and
market adaptation. Bikhchandani, Hirshleifer, and Welch (1992) formalize how rational agents may ignore private information and
follow others; if platforms adopt similar architectures—"algorithmic convergence" (Ben-David et al., 2021)—predictions become
correlated, creating self-reinforcing cascades where the "wisdom of crowds" (Surowiecki, 2004) reverses into herding behavior
(Scharfstein & Stein, 1990). From complexity theory, financial markets are complex adaptive systems (Arthur, 1999; Farmer &
Foley, 2009) in which homogeneous Al decision-making reduces system diversity, increasing the risk of "coherent failure" (Haldane,
2009) and creating procyclicality—sell signals during downturns trigger cascading sell-offs, while buy signals fuel speculative
bubbles. Algorithmic crowding (Kirilenko & Lo, 2013) can lead to sudden liquidity dry-ups during stress, creating "liquidity spirals."
Lo's (2004) Adaptive Markets Hypothesis suggests strategies succeed in one environment but fail as conditions evolve; as Al tools
proliferate, their informational advantages diminish as markets absorb their signals, implying alpha decay over time. Thus, we
propose the following:

H2: As Al tool adoption increases, trading signals will concentrate around similar predictions, elevating the risk of substantial
price movements through herding and reducing the informational advantage of Al-driven strategies.

2.3 Regulatory Announcements and Market Volatility (H3)

The third question concerns the relationship between regulation and market volatility. The economics of regulation (Stigler, 1971;
Peltzman, 1976) recognizes that interventions can have unintended consequences; "regulatory uncertainty" (Engel & McCoy, 2011)
manifests as increased volatility, consistent with real options theory (Dixit & Pindyck, 1994), where uncertainty about future rules
leads to investment deferral and altered risk-taking. Public choice theory (Buchanan & Tullock, 1962) suggests regulatory outcomes
reflect competing stakeholder interests; the "bootleggers and Baptists" phenomenon (Yandle, 1983)—where consumer protection
advocates and established institutions align to support restrictive regulation for different reasons—can lead to excessive constraints.
The fragmented U.S. regulatory landscape with overlapping SEC, CFTC, and FinCEN jurisdiction creates regulatory arbitrage and
uncertainty (North, 1990; Kaufmann et al., 1999). However, countervailing perspectives suggest regulation might reduce volatility
through information revelation, credibility effects that anchor expectations (Calvo, 1996), and certification effects that expand the
investor base. Thus, the net effect is theoretically ambiguous. Short-term volatility spikes following announcements are consistent
with information-shock models (Campbell et al., 1993); long-term effects depend on whether regulations improve or impair market
efficiency, with the "liability of newness" (Stinchcombe, 1965) suggesting that regulatory uncertainty diminishes as frameworks
mature. Therefore, we expect the following:

H3: Regulatory announcements will induce short-term volatility spikes, while the long-term effect depends on regulatory quality,
clarity, and market adaptation.

2.4 Theoretical Integration

These three hypotheses are interconnected components of a unified framework. Al adoption affects cryptocurrency markets through
three synergistic channels: the information processing channel (Al enhances speed but system heterogeneity creates divergent
signals, consistent with H1), the behavioral channel (herding and algorithmic crowding emerge as Al proliferates, amplifying
volatility as per H2), and the institutional channel (regulatory responses alter market microstructures, influencing volatility as
examined in H3). Network effects (Katz & Shapiro, 1985) and path dependence (David, 1985) suggest winner-take-all dynamics
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reduce algorithmic diversity and early regulatory decisions have lasting effects. Interactions among heterogeneous platforms, diverse
investors, and regulatory frameworks create emergent properties that require both empirical investigation and simulation-based
approaches.

3. METHODOLOGY

3.1 Platform Review Protocol

Our platform review focused on four widely used Al-driven cryptocurrency trading platforms: 3Commas, Gunbot, Cryptohopper,
and AlgosOne. We systematically documented all publicly available performance claims, risk metrics, and signal-generation
descriptions from each platform's official website, blog posts, and publicly available case studies. The review protocol emphasized
the transparency of information—specifically, whether platforms disclosed: (1) time-stamped historical signals; (2) comprehensive
risk-adjusted performance metrics; (3) sample size and period; and (4) methodological details regarding signal generation. This
qualitative review serves both to document the current state of industry transparency and to establish the rationale for our model-
based empirical approach.

3.2 Signal-Generation Models

To test HI while circumventing platform opacity, we constructed two transparent signal-generation models using daily BTC/USDT
data from January 2020 through early 2026. Both models employed a rule-based technical trading framework grounded in the
extensive literature on moving average crossover strategies (Brock et al., 1992).

3.2.1 Data Sample

Our sample comprises daily BTC/USDT prices from January 1, 2020 through February 28, 2026, obtained from CoinGecko. The
sample period captures significant cryptocurrency market cycles, including the post-COVID recovery (2020-2021), the 2022 bear
market, the 2023 recovery, the Bitcoin ETF approval and bull run of 2024, and the regulatory developments of 2025-2026. We
selected this period to ensure sufficient variation in market regimes while maintaining contemporary relevance.

3.2.2 Short-Term Trend Model

The short-term model employs 20-day and 50-day moving averages with an Average Directional Index (ADX) trend-strength filter
(ADX > 25). The model generates directional recommendations—buy (1), sell (-1), or hold (0)—based on crossover events:

° Buy Signal: 20-day MA crosses above 50-day MA (golden cross) AND ADX > 25
° Sell Signal: 20-day MA crosses below 50-day MA (death cross) AND ADX > 25
° Hold Signal: No crossover event or ADX <25

The ADX filter ensures that trades are executed only during periods of strong trend, reducing the number of false signals in sideways
or low-volatility markets.

3.2.3 Long-Term Trend Model

The long-term model employs 50- and 200-day moving averages, using the same ADX trend-strength filter (ADX > 25). This model
captures longer-term secular trends:

° Buy Signal: 50-day MA crosses above 200-day MA (golden cross) AND ADX > 25
. Sell Signal: 50-day MA crosses below 200-day MA (death cross) AND ADX > 25
. Hold Signal: No crossover event or ADX <25

3.2.4 Model Rationale and Limitations

We acknowledge that these models employ relatively simple moving-average rules rather than advanced machine learning
architectures. This deliberate choice serves our methodological objectives: maintaining complete transparency, ensuring
replicability, and providing a benchmark against which commercial platform claims can be assessed. While these models may not
capture the full complexity of commercial Al platforms, they offer the advantage of complete methodological transparency, enabling
rigorous evaluation of signal heterogeneity and temporal performance variation.

3.3 Performance Evaluation Framework
We evaluate our models using a comprehensive suite of risk-adjusted performance measures:

Sharpe Ratio: Measures excess return per unit of total risk (standard deviation), calculated as:

Sharpe = (Rp - Ry) / o

where Rp is the portfolio return, Ry is the risk-free rate (proxied by the 10-year U.S. Treasury yield), and o, is the standard
deviation of portfolio returns.

Sortino Ratio: Measures excess return per unit of downside risk, calculated as:

Sortino = (Rp — Ry) / 64

where o4 is the downside deviation (standard deviation of negative returns only). This metric is particularly relevant for
cryptocurrency markets, where investors may be more concerned with downside protection than total volatility.
Jensen's Alpha: Measures the excess return generated by the strategy relative to a buy-and-hold benchmark, calculated as:
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o= Rp - [Re+ B(Rm - Ry)]

where P represents the strategy's systematic risk relative to the market portfolio (proxied by a buy-and-hold Bitcoin
investment). A positive alpha indicates that the strategy outperforms the buy-and-hold benchmark on a risk-adjusted basis.
Maximum Drawdown: Measures the peak-to-trough decline in portfolio value over the evaluation period, providing insight into
the strategy's worst-case loss potential.

3.4 Temporal Analysis

To evaluate H2, we divided the sample into an early period (January 2020 to June 2023) and a later period (July 2023 to
February 2026), with the split chosen to correspond approximately to the midpoint of the sample and to separate distinct market
regimes. This temporal split allows us to assess whether algorithmic effectiveness decays over time as markets adapt and Al tools
proliferate, as predicted by the Adaptive Markets Hypothesis. We calculated risk-adjusted performance metrics separately for each
period and tested for statistically significant differences using bootstrapped confidence intervals.

3.5 Regulatory Analysis

To evaluate H3, we identified nine major U.S. and international regulatory announcements affecting cryptocurrency
markets between 2019 and 2026 (documented in Exhibit 4). For each regulatory event, we calculated price changes for both the
short-term and long-term models over two horizons:

° Short-term price change: Difference in the model's value (portfolio NAV) over the 5 trading days immediately
following the announcement

° Long-term price change: Difference in the model's value over the 30 trading days immediately following the
announcement

We also conducted a visual analysis using regulatory shading on the price series graphs (Exhibits 2 and 3) to assess whether
policy changes coincided with shifts in price trends or signal generation.

4. RESULTS

This section presents our empirical findings organized around the three hypotheses developed in the preceding theoretical framework.
We begin by documenting the transparency constraints that shaped our methodological approach, then present model-generated
signal data and risk-adjusted performance metrics, and conclude with a temporal performance analysis and a regulatory impact
assessment. Throughout, we integrate our findings with the theoretical expectations established in the previous section.

4.1. Platform Transparency and Data Availability

A foundational empirical finding concerns the opacity that characterizes commercial Al-driven crypto advisory platforms. Our
review of major platforms—including 3Commas, Gunbot, AlgosOne, and Cryptohopper—revealed that none publicly disseminates
time-stamped, historical buy/sell/hold signals in formats conducive to systematic cross-platform comparison. Public-facing
materials emphasize user-configurable bots, selective backtest summaries, or marketing claims rather than comprehensive signal
histories. Given that strategies are modifiable by users and signals are not shared in standardized formats, reconstructing a reliable
dataset of platform recommendations over time proves challenging for researchers.

Exhibit 1 systematically documents this transparency gap by summarizing the types of information available from major platforms.
The exhibit reveals a stark pattern: while all platforms provide some performance-related claims, the specificity and completeness
of these claims vary dramatically. 3Commas provides the most detailed publicly available information, including a specific case
study with +12.8% returns over 30 days, 36 closed trades, ~5.7% maximum drawdown, and published risk-adjusted metrics (Sharpe:
2.7, Sortino: 3.4, Jensen's alpha: +6.4%). Gunbot discloses ROI of 3.59% and selected risk metrics (Sharpe: 0.56, Sortino: 9.72) but
notably omits Jensen's alpha. Cryptohopper provides backtesting tools and total profit/loss but does not report any standardized risk-
adjusted metrics. AlgosOne is the least transparent, providing only headline claims of "up to 690% APY" and an "80% win rate"
with no risk-adjusted metrics whatsoever.

This transparency gap has significant implications for the theoretical expectations underlying H1. If platforms do not disclose their
signals, investors cannot readily verify the heterogeneity we theorize, nor can researchers systematically document it. The opacity
itself constitutes an information asymmetry that may systematically disadvantage retail investors relative to platform developers,
consistent with principal-agent concerns identified in our theoretical framework. The limited publicly available information typically
consists of selective performance highlights—3Commas reports +12.8% returns over 30 days with 36 closed trades and ~5.7%
maximum drawdown; Gunbot discloses ROI of 3.59%, Sharpe ratio of 0.56, and Sortino ratio of 9.72 in backtesting examples;
AlgosOne advertises automated execution and win rates without risk-adjusted metrics; Cryptohopper provides backtesting tools but
no standardized public signal datasets. This selective disclosure prevents rigorous evaluation of the heterogeneity our theory predicts.
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4.2. Hypothesis 1: Platform Heterogeneity and Signal Divergence

To test H1 while circumventing platform opacity, we constructed two transparent signal-generation models using daily BTC/USDT
data from January 2020 through early 2026. The short-term model employed 20-day and 50-day moving averages with an ADX
trend-strength filter (ADX > 25), while the long-term model used 50-day and 200-day moving averages with the same filter. Both
models generated directional recommendations—buy (1), sell (-1), or hold (0)—based on crossover events.

The short-term model generated 1,991 hold signals (99.5%), 6 sell signals (0.3%), and 4 buy signals (0.2%) over the sample
period. Despite the limited number of crossover events, the strategy produced a Sharpe ratio of 0.7388, Sortino ratio of 0.8148, and
daily Jensen's alpha of 0.000285 (0.0719 annualized). The long-term model produced 1,994 hold signals (99.65%), 4 sell signals
(0.20%), and 3 buy signals (0.15%), with substantially lower risk-adjusted performance: a Sharpe ratio of 0.1689, a Sortino ratio of
0.1789, and a daily Jensen's alpha of —0.000432 (—0.109 annualized).

Table 1: Model Performance Comparison

Metric Short-Term Model Long-Term Model
Sharpe Ratio 0.74 0.17
Sortino Ratio 0.80 0.19
Jensen's Alpha (Annualized) 0.07 -0.10
Buy Signals 4 3
Sell Signals 6 4
Hold Signals 1,991 1,994

These findings provide strong support for H1. Despite using identical BTC/USDT data, the two models generated systematically
different signal frequencies and risk-adjusted outcomes attributable to differing time horizons and parameter choices. The short-
term model's superior performance—positive versus negative Jensen's alpha—reflects its ability to capture shorter-term momentum
more effectively during the sample period. The divergence in both signal frequency (more frequent crossovers in the short-term
model) and performance metrics (higher Sharpe, Sortino, and positive alpha in the short-term model) confirms the theoretical
expectation that different algorithmic specifications yield heterogeneous recommendations.

Comparing these results to available real-world platform data reinforces the heterogeneity thesis. The published 3Commas
strategy achieved a 0.56 Sharpe ratio and 9.72 Sortino ratio; Gunbot reported the same in backtesting. Our short-term model's Sharpe
ratio of 0.74 falls within the reported platform metrics, while our long-term model's 0.17 falls below that range. This variation across
both our transparent models and real-world platforms confirms that even when systems are marketed as "Al-driven" or algorithmic,
the recommendations and outcomes they generate can vary substantially depending on underlying model design and user objectives.
The heterogeneity our theory predicted manifests both in our controlled model comparison and in the limited platform data available

4.3. Hypothesis 2: Erosion of Al Edge and Herding Dynamics

To evaluate H2, we divided the BTC/USDT sample into an early period (2020—mid-2023) and a later period (mid-2023-2025) and
calculated risk-adjusted performance metrics separately for each period. This temporal split allows us to assess whether algorithmic
effectiveness decays over time as markets adapt and Al tools proliferate, as predicted by the Adaptive Markets Hypothesis.
Exhibit 2 presents the BTC/USDT price series alongside the moving averages for the short-term model (20-day and 50-day moving
averages), with buy and sell signals marked as upward and downward triangles, respectively, and regulatory announcement dates
highlighted by gray vertical bands. The visualization reveals several important patterns. First, the 20-day moving average frequently
crosses the 50-day moving average, but the ADX filter (ADX > 25) restricts signals to periods of strong trend, resulting in only 10
total signals (4 buys, 6 sells) over the entire sample period. Second, buy signals tend to occur at price troughs (e.g., mid-2020, late-
2022, early-2024), while sell signals occur at price peaks (e.g., early-2021, late-2021, mid-2024), indicating that the model
effectively identifies trend reversals. Third, the visual alignment between regulatory shading and subsequent price movements
suggests that policy announcements often coincide with or precede significant price changes, though the direction of these changes
varies considerably.

The exhibit also reveals the model's performance evolution. In the early period (2020-mid-2023), the model captured major trend
reversals effectively, including the dramatic post-COVID recovery and the 2021 bull run peak, but also experienced substantial
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drawdowns during the 2022 bear market. In the later period (mid-2023-2025), the model captured a more muted yet sustained
upward trend, with fewer extreme price movements and, consequently, lower volatility.

Table 2: Short-Term Model Performance by Period

Metric Early Period (2020—mid-2023) Late Period (mid-2023-2025) Change
Sharpe Ratio 0.75 0.90 +0.15
Sortino Ratio 0.82 1.06 +0.24
Max Drawdown -57.85% -38.36% +19.49%
Mean Return 0.3030 0.2618 -0.0412
Volatility 0.4060 0.2901 -0.1159
Jensen's Alpha 0.11 0.0372 -0.0728

The Sharpe ratio increased from 0.7463 to 0.9026, and the Sortino ratio increased from 0.821 to 1.0691. However, Jensen's alpha
declined from 0.11 to 0.0372, indicating that while the strategy continued generating positive excess returns relative to buying and
holding Bitcoin, the magnitude of these excess returns decreased substantially. Maximum drawdown decreased from —57.85% to —
38.36%. Annualized returns declined modestly (0.3030 to 0.2618), while volatility decreased more substantially (0.4060 to 0.2901).
This volatility reduction more than offset the decline in returns, resulting in an improved Sharpe ratio in the later period.

Exhibit 3 presents the BTC/USDT price series alongside the moving averages for the long-term model (50-day and 200-
day moving averages), with the same signal markings and regulatory shading. The visual patterns differ markedly from the short-
term model. The 50-day and 200-day moving averages move much more slowly, producing only 7 total signals (3 buys, 4 sells)
over the entire period. The "golden cross" (50-day crossing above 200-day) and "death cross" (50-day crossing below 200-day)
patterns are clearly visible at major turning points. Buy signals occur at significant price bottoms (mid-2020, early-2023, late-2024),
while sell signals occur at major peaks (early-2021, late-2021, mid-2022). The long-term model's signals are much more sustained,
with positions held for extended periods—the model remained "long" (holding Bitcoin) for over 2.5 years between the 2020 golden
cross and the 2022 death cross.

Table 3: Long-Term Model Performance by Period

Metric Early Period (2020-mid-2023) Late Period (mid-2023-2025) Change
Sharpe Ratio -0.20 0.55 +0.75

Sortino Ratio -0.16 0.74 +0.90

Max Drawdown -56.7% -37.1% +19.6%
Mean Return -0.0650 0.1912 +0.2562
Volatility 0.3234 0.3446 +0.0212
Jensen's Alpha -0.1902 -0.1258 +0.0644

The long-term model displayed similar improvement in risk-adjusted performance. In the early period, the strategy performed poorly
(Sharpe ratio: —0.201, Sortino ratio: —0.168, Jensen's alpha: —0.1902). In the later period, performance improved substantially
(Sharpe ratio: 0.5549, Sortino ratio: 0.7398, Jensen's alpha: —0.1258). While the strategy continued generating negative excess
returns relative to buying and holding Bitcoin, the magnitude of underperformance decreased. Maximum drawdown decreased from
—56.7% to —37.1%. Average return increased significantly from —0.0650 to 0.1912, while volatility increased modestly from 0.3234
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to 0.3446. Despite this modest increase in volatility, the large improvement in average returns yielded a substantially higher Sharpe
ratio in the later period.

These findings provide nuanced support for H2. The short-term model exhibited clear alpha decay—Jensen's alpha declined by 66%
from 0.11 to 0.0372, consistent with the theoretical expectation that widely available Al signals lose predictive power over time.
However, both models showed improved Sharpe and Sortino ratios in the later period, driven primarily by reduced drawdowns and,
in the long-term model's case, substantially improved returns. This improvement contradicts a simple narrative of universal alpha
erosion and instead suggests that the effectiveness of algorithmic trading signals varies across market regimes in complex ways.
Exhibit 4 provides the regulatory chronology that underpins our analysis, documenting nine major U.S. and international regulatory
developments from 2019 to 2026. The exhibit reveals a clear evolution in regulatory approach: early developments (2019-2021)
focused on specific enforcement actions and tax reporting requirements, mid-period developments (2022-2023) established broader
frameworks and jurisdictional clarity, and later developments (2024-2026) created comprehensive regulatory structures, including
the first U.S. spot Bitcoin ETFs, the GENIUS Act for stablecoins, and Project Crypto for SEC-CFTC harmonization. This evolution
from fragmented, reactive measures toward comprehensive, coordinated frameworks provides a natural experiment for assessing
how regulatory clarity affects market behavior.

Table 4: Major U.S. Cryptocurrency Regulatory Developments and Market Effects

. Short-Term Long-Term .
The [Regulation Date Price Change Price Change Key Insight
SEC . Crypto Enforcement 2021 -5.789.01 1421003 Short-te.rm stronger effect,
Prioritization sharper immediate reaction
Infrastructure  Investment Nov Similar effects across both|
and Jobs Act 2021 -8,120.86 -7,873.64 models
Executive Order 14067 Mar 1214.16 18,988.86 Long-term stronger _effect)
2022 sustained response
Lummis-Gillibrand RFIA Jun +5,028.41 +11,763.24 Long-term stronger  effect,
2022 sustained response
EU MiCA Regulation Jun +977.67 -4,989.56 Long-term stronger effect,
2023 sustained response
. Jul Similar effects across both|
SEC v. Ripple Labs 2023 -2,085.96 -2,886.79 models
U.S. Spot Bitcoin ETFs Jan -1,762.69 -9.318.79 Long-term stronger  effect,
2024 sustained response
GENIUS Act Jul 4,344.84 -10,368.84 Long-term stronger - effect)
2025 sustained response
. Feb Long-term stronger effect,
Project Crypto 2026 -1,008.22 +14,653.92 sustained response

reduction in maximum drawdown for both models (approximately a 19 percentage-point improvement) suggests that trend-
following strategies performed better at managing downside risk in the later period, when cryptocurrency markets had matured
somewhat. The long-term model's dramatic improvement—ifrom negative to positive Sharpe ratio—indicates that longer-horizon
trend signals became more profitable in the later period, possibly reflecting the emergence of clearer secular trends. The short-term
model's alpha decay, juxtaposed with improved risk metrics, suggests that while the specific informational advantage of short-term
signals diminished, their risk-management properties remained valuable.

These results align with the Adaptive Markets Hypothesis (Lo, 2004): strategies evolve in effectiveness as market
participants adapt. The short-term model's alpha decay reflects market participants learning to anticipate and trade against these
signals, while the long-term model's improved performance suggests that longer-horizon trends remained profitable, possibly
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because they are more difficult to arbitrage away. The differing evolution of the two models confirms the theoretical expectation
that not all algorithmic signals converge or decay uniformly.

4.4. Hypothesis 3: Regulation and Market Volatility

To evaluate H3, we identified major U.S. regulatory announcements affecting cryptocurrency markets and analyzed their
relationship to market volatility, using our model visualizations to assess whether policy changes coincided with shifts in price
trends or signal generation. We also calculated the magnitude of price changes around regulatory events for both the short-term and
long-term models.

Our analysis reveals a clear pattern: regulatory announcements are consistently associated with price movements in the
Bitcoin market, though the magnitude and direction vary considerably. In the short-term model, regulatory events produced price
changes ranging from —8,120.86 to +5,028.41, with a slight tendency toward negative price reactions (six of nine events showed
negative short-term effects). The long-term model showed substantially larger price movements, ranging from —10,868.84 to
+14,653.92, with the direction roughly evenly split between positive and negative reactions. Notably, the long-term model exhibited
an average absolute price change that was 19.5% larger than the short-term model's (9,153.81 versus 3,266.65), suggesting that
regulatory announcements affect long-term trend assessments more dramatically than short-term momentum.

The magnitude of the difference between models is particularly instructive. For early regulations (2021-2022), the short-
term model showed stronger reactions (as with the SEC enforcement ramp-up, where short-term change was -5,789 versus long-
term +4,210), suggesting that early regulatory uncertainty primarily affected short-term trading behavior. However, for later
regulations (2023-2026), the long-term model consistently showed stronger effects, indicating that as the regulatory landscape
matured, market participants increasingly considered regulatory developments as having lasting implications for Bitcoin's
fundamental value rather than just transient trading impacts.

The visual analysis of price series with regulatory shading (Exhibits 3 and 4) reveals that regulatory announcements tend
to be followed by short-term volatility spikes, consistent with information-shock models (Campbell et al., 1993). Gray shading
around announcement dates shows elevated price fluctuations in the immediate aftermath. However, these spikes typically dissipate
within 5-15 trading days, suggesting that markets process regulatory information relatively efficiently. Over the longer term, it
becomes difficult to attribute sustained price trends directly to specific regulatory signals, as markets also respond to broader
macroeconomic conditions, technological developments, and shifting investor sentiment.

These findings provide partial support for H3. The clear evidence of short-term volatility spikes following regulatory
announcements confirms the theoretical expectation that policy developments generate immediate market reactions. However, the
inconclusive long-term effects suggest that regulation's impact on volatility depends on regulatory quality, clarity, and market
adaptation—consistent with our theoretical framework's recognition that the net effect is conditional rather than universal.
Regulations do not appear to suppress market activity substantially but rather moderate Al's impact through information revelation
and credibility effects. The finding that later regulations show stronger long-term model effects (relative to short-term) suggests that
as the regulatory framework becomes more comprehensive, market participants increasingly incorporate regulatory developments
into their fundamental valuation of Bitcoin. This is consistent with the "liability of newness" (Stinchcombe, 1965) diminishing over
time: early regulatory actions created uncertainty about the direction of policy.

Exhibits 2 and 3 provide visual confirmation of these patterns. The regulatory shading (gray vertical bands) around
announcement dates reveals elevated price fluctuations in the immediate aftermath, consistent with information-shock models
(Campbell et al., 1993). However, these spikes typically dissipate within 5-15 trading days, suggesting that markets process
regulatory information relatively efficiently. Over the longer term, it becomes difficult to attribute sustained price trends directly to
specific regulatory signals, as markets also respond to broader macroeconomic conditions, technological developments, and shifting
investor sentiment.

The visual analysis also reveals an important pattern regarding the shifting impact of regulation over time. In the early
period (2020-2022), regulatory shading is associated with immediate price spikes followed by rapid mean reversion—consistent
with short-term uncertainty effects. In the later period (2024-2026), regulatory shading is associated with more sustained price
movements in the direction of the prevailing trend (upward), suggesting that later regulations provided clarity that reinforced rather
than disrupted market direction. This is particularly evident for the GENIUS Act (July 2025) and Project Crypto (February 2026)
announcements, which are followed by sustained upward trends in both models. These findings provide partial support for H3. The
clear evidence of short-term volatility spikes following regulatory announcements confirms the theoretical expectation that policy
developments generate immediate market reactions. However, the inconclusive long-term effects suggest that regulation's impact
on volatility depends on regulatory quality, clarity, and market adaptation—consistent with our theoretical framework's recognition
that the net effect is conditional rather than universal. Regulations do not appear to suppress market activity substantially but rather
moderate Al's impact through information revelation and credibility effects.

The finding that later regulations show stronger long-term model effects (relative to short-term) suggests that as the
regulatory framework becomes more comprehensive, market participants increasingly incorporate regulatory developments into
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their fundamental valuation of Bitcoin. This is consistent with the "liability of newness" (Stinchcombe, 1965) diminishing over time:
early regulatory actions created uncertainty about the direction of policy, while later actions provide clearer signals about the long-
term institutional environment for cryptocurrency markets.

5. DISCUSSION: SYNTHESIS AND INTEGRATION

Taken together, our empirical findings provide robust support across the three hypotheses while revealing the
interconnected nature of the Al-crypto nexus. Hl is strongly supported: our transparent models demonstrate that different
algorithmic specifications generate systematically heterogeneous recommendations, confirming that platform disagreement is a
persistent feature of Al-driven crypto advisory markets. This heterogeneity validates the theoretical expectation that information
acquisition costs, algorithmic diversity, and behavioral framing produce divergent signals even when analyzing identical assets.

H2 receives nuanced support. The short-term model's 66% alpha decay confirms the theoretical prediction that
informational advantages erode over time as markets adapt. However, both models showed improved risk-adjusted performance
and substantially reduced drawdowns in the later period, suggesting that trend-following strategies became more effective at
managing downside risk even as specific alpha sources diminished. This dual pattern—alpha decay alongside improved risk
management—indicates that the Adaptive Markets Hypothesis (Lo, 2004) accurately captures the evolutionary dynamics but that
different aspects of algorithmic strategies evolve differently. The differing evolution of short-term and long-term models confirms
that not all algorithmic signals converge uniformly, providing a more nuanced picture than a simple narrative of universal alpha
erosion.

H3 receives conditional support. The consistent evidence of short-term volatility spikes following regulatory
announcements confirms that policy developments generate immediate market reactions. However, the inconclusive long-term
effects and the shift from short- to long-term model effects over time suggest that regulation's impact on volatility depends critically
on regulatory quality, clarity, and market adaptation. The finding that later regulations show stronger long-term model effects
indicates that as regulatory frameworks mature, their implications for fundamental valuation increase—consistent with the "liability
of newness" hypothesis (Stinchcombe, 1965) and the institutional quality perspective (North, 1990; Kaufmann et al., 1999).

The interconnected nature of these findings is particularly noteworthy. The platform opacity documented at the outset of
our results directly affects investors' ability to evaluate signal heterogeneity (H1), which in turn influences the evolution of market
adaptation (H2). The regulatory uncertainty documented in H3 both shapes and responds to platform opacity—regulators may be
more likely to intervene when platforms' opaque operations create consumer protection concerns. These interconnections highlight
the value of our unified theoretical framework for understanding the Al-crypto nexus as a complex adaptive system in which
technological, behavioral, and institutional factors interact in nontrivial ways.

6. CONCLUSION

This paper investigates the influence of algorithmic and Al-assisted cryptocurrency trading on market volatility, stability,
and the reliability of investment advice, examining three interconnected hypotheses regarding platform heterogeneity, algorithmic
convergence and alpha decay, and regulatory effects on market dynamics. Using a dual-methodology approach that combines
qualitative platform review with transparent signal-generation models based on daily BTC/USDT data from 2020 to early 2026, we
provide empirical evidence that Al-driven trading tools materially affect cryptocurrency markets through multiple channels.

Our findings confirm that platform disagreement (H1) is not incidental but systematic. Different algorithmic specifications
generate significantly divergent signals, with our short-term model (Sharpe ratio 0.74, positive Jensen's alpha) substantially
outperforming the long-term model (Sharpe ratio 0.17, negative Jensen's alpha). This heterogeneity validates the theoretical
expectation that information acquisition costs, algorithmic diversity, and behavioral framing produce divergent recommendations.
The opacity characterizing commercial platforms—none publicly disseminates comprehensive signal histories—further compounds
this issue, creating information asymmetries that disadvantage investors relative to platform developers.

Regarding algorithmic convergence and alpha decay (H2), our temporal analysis reveals nuanced dynamics. The short-
term model exhibited clear alpha decay (a 66% reduction from 0.11 to 0.0372), consistent with predictions from the Adaptive
Markets Hypothesis that widely available signals lose predictive power as markets adapt. However, both models showed improved
risk-adjusted performance and substantially reduced drawdowns in the later period, indicating that trend-following strategies became
more effective at managing downside risk even as specific alpha sources eroded. This dual pattern—alpha decay alongside improved
risk management—suggests that algorithmic strategies evolve in complex ways, with different aspects of performance responding
differently to market adaptation.

Our regulatory analysis (H3) demonstrates that policy announcements consistently trigger short-term volatility spikes, with
price movements ranging from —10,868.84 to +14,653.92 depending on the event and model horizon. Early regulations (2021-2022)
primarily affected short-term model signals, while later regulations (2023—2026) showed stronger effects on long-term model signals,
suggesting that as regulatory frameworks matured, market participants increasingly interpreted policy developments as having
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lasting implications for fundamental valuation. Long-term effects remain inconclusive, indicating that the regulation's impact
depends critically on regulatory quality, clarity, and market adaptation.

These findings carry several implications. For investors, the documented heterogeneity across models underscores that Al-
driven recommendations should not be treated as interchangeable; platform choice materially affects investment outcomes. Due
diligence should extend beyond marketed performance claims to include an understanding of underlying model specifications, data
sources, and risk-management frameworks. For fintech firms, the transparency gap we document highlights opportunities for
differentiation through the voluntary disclosure of comprehensive performance metrics and signal histories, which can build trust
and attract sophisticated users. For regulators, our evidence that regulatory announcements trigger short-term volatility while long-
term effects remain ambiguous suggests that clear, coordinated, and predictable policy frameworks—such as those emerging
through Project Crypto and the GENIUS Act—may better support market stability than fragmented or unexpected interventions.
Regulatory efforts to promote platform transparency could simultaneously reduce information asymmetries and mitigate the herding
dynamics identified in H2.

Several limitations warrant acknowledgment. Our models employ relatively simple moving-average rules rather than
advanced machine learning architectures; while this transparency serves our methodological objectives, it may not fully capture the
complexity of commercial platforms. The temporal analysis covers a period of significant evolution in the cryptocurrency market;
future research should extend it to assess whether the observed patterns persist as markets mature. Our regulatory analysis focuses
on U.S. developments; comparative analysis across jurisdictions with different regulatory approaches would provide valuable
insight into the conditional nature of regulatory effects.

Future research should pursue several directions. Agent-based modeling that simulates interactions between heterogeneous
Al agents, diverse investors, and regulatory frameworks could illuminate emergent system properties not captured by our empirical
analysis. Comparative international studies could isolate the specific effects of regulatory design on market outcomes. An extended
analysis with longer time horizons would assess whether alpha decay continues or stabilizes as markets reach equilibrium. Finally,
greater collaboration with platform providers could yield access to comprehensive signal histories, enabling more rigorous
evaluation of the heterogeneity and convergence dynamics we identify.

In conclusion, the Al-crypto nexus represents a complex adaptive system in which technological innovation, market
microstructure, and institutional frameworks interact in nontrivial ways. Our findings confirm that Al-driven trading tools
systematically affect market dynamics through heterogeneity in signal generation, temporal evolution of algorithmic effectiveness,
and regulatory responses that generate short-term volatility. As Al tools become more sophisticated and cryptocurrency markets
continue to mature, ongoing theoretical and empirical research will be essential to understanding the implications for investors,
fintech firms, and policymakers. The theoretical framework we develop provides a foundation for such investigation, while our
empirical findings offer initial evidence of the patterns and dynamics that characterize this rapidly evolving domain.
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Exhibit 1: Information gathered on real-world platforms

Platform Buy/Sell/Hold Rationale [Accuracy Rating [Source Coins Ranking
Recommendation (use Al/research
[papers to find out)
3Commas- Conservative Very strong #squere 30-Day  [BTC/USDT  |Sharpe: 2.7
BTC/USDT DCA Case Study: Using Sortino: 3.4
Buy —+12.8%in [bot produced a 3Commas DCA Jensen:
30 days with +12.8% in 30 days Bot on Binanc +6.4%
~5.7% max with 36 closed deals Zaza-M pa
drawdown. and ~5.7% max Binance Square Al
drawdown; Trading Bot
appropriate for a Performance:
normal-risk investor Backtesting,
Metrics, and
Optimization
Strategy uses
channelmaestro for Sharpe: 0.56
Automated, Active both buy & sell Reported “Key  |Gunbot blog post Sortino: 9.72
Gunbot Buy + Sell (bot  |(“Buy Method: Performance showing the Jensen’s
trading) over June |channelmaestro”,  |Metrics” include |backtest archive |[BTC-SOL alpha: Not
7,2024 to Feb 24, |“Sell Method: ROI: 3.59% example + metrics directly
2056 channelmaestro”), (Gunbot.com) reported in
with Profit Target the published
7.5% example.
Sharpe: Not
reported
Al Strategy Sortino: Not
User-configured  |Designer lets users [Backtest “Results” |Cryptohopper Supports reported
Buy/Sell signals  |build rule-based show total backtesting guides [many coins  [Jensen’s
over a chosen strategies using profit/loss, and help-center |(e.g., BTC, |alpha: Not
Cryptohopper  |historical window; technical indicators [numbers of article on reading [ETH, SOL) |reported The
frequency depends |(trend, volume, successful and loss|backtest results.  |[depending on |platform
on selected strategyimomentum, sells, (Cryptohopper connected highlights
and test period.  |volatility), and trades/positions,  |backtest) exchange and [ROl/total
Algorithm holding times, chosen return and
Intelligence can helpjmost traded coins. market. drawdown as
score strategies. key
performance
indicators.
AlgosOne Al [Continuous The platform uses [Marketing Official site and [Trades Sharpe,
automated deep-learning materials claim  [product multiple asset [Sortino,
Buy/Sell via Al imodels that ingest |high returns (e.g., |descriptions, plus [classes Jensen’s
models; runs 24/7 macro news, “up to 690% media coverage  |(crypto, forex, [alpha, and
once user capital is jasset-specific news, |APY”) and an summarizing and stocks)  jmaximum
depositedanda  |and technical 80%+ trade win  |performance via connected [drawdown are
plan is selected.  [indicators (trend,  [rate over about  [claims. algos ai  accounts; not disclosed;
volume, momentum, two years. specific only headline
volatility) to coins/pairs APY and
generate trading depend on the [win-rate
signals; trades are user's broker |claims are
executed or shown, so any
risk-adjusted
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automatically with exchange and [ranking
builtin hedging, chosen plan. |metrics would
stop-loss and need to be
risk-management computed
rules. from private
account
statements
rather than
public data.

Exhibit 2: BTC-USDT price series alongside the moving averages (Short-term model)

BTC 20/50 MA Crossover Signals

BTC Price
120000 1 —— MA20
MA50
Buy

100000 - v sl

80000 A

60000 - , 'f\
6
40000 lf o / r
P o
20000 A ’\-v__ [/

2021 2022 2023 2024 2025 2026

Vil
o

Exhibit 3: BTC-USDT price series alongside the moving averages (long-term model)
BTC 50/200 MA Crossover Signals
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Exhibit 4: Information gathered on regulations

Virtual Assets and VASPs”
https://www.fatf-gafi.org/publicati

ons/fatfrecommendations/documen

ts/guidance-rba-virtual-assets.html

Regulation What it does date
Institutional Shift

Financial Action Task Force (FATF). Extended AML Recommendation 16JJune 2019
“Guidance for a Risk-Based Approach toj(“Travel Rule”) to crypto service]

providers. Requires exchanges to collect
and transmit sender- and recipient
identifying information for transfers
exceeding thresholds.

Infrastructure Investment and Jobs Act —
crypto tax reporting expansion
Infrastructure Bill Expands

Expanded the definition of “broker” in|
Internal Revenue Code Section 6045:
[Now it includes “any person who (for

Cryptocurrency Reporting Requirements

consideration) is responsible for regularly
providing any service effectuating
transfers of digital assets on behalf of]
another person that handle digital assets”
, such as crypto exchanges
Treats digital assets

more-than-10,000-dollar

requirement on form 8300

cash for
reporting

as

[November 2021

SEC’s ramp-up of crypto enforcement
and policy focus review-of-2021-trends-|

SEC made crypto an enforcement priorityj
(focusing on targeting unregistered|

in-sec-crypt o-enforcement-actions.pdf

offerings)

2021

Executive Order 14067 - “Ensuring

Responsible Development of Digitall
Assets”
Executive  Order  14067—Ensurin

Directed a federal strategy for digital
assets.  This included addressing
consumer and business protection needs,
developing effective technologies for
digital assets, and building a CBDC.

Responsible  Development of Digitall

[Assets | The American Presidency Project]

March 9, 2022

Lummis-Gillibrand Responsible
[Financial Innovation Act S.4356 - 117th

Congress
(2021-2022): Lummis-Gillibrand

Dilates the jurisdiction of physical assets
held by the Securities and Exchange
Commission (SEC) and the Commodity]
Futures Trading Commission (CFTC).

Responsible Financial Innovation Act |

Congress.gov | Library of Congress

[Under this law, institutions are allowed
to issue stablecoins. The bill states that
these institutions must hold all of the
coins’ value, and coins must be issued in
a certain way

06/07/2022
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The bill also specifies tax treatments.

EU MiCA Regulation Regulation (EU)
2023/1114 on

Markets in  Crypto-Assets
https://eur-lex.europa.cu/legal-cont
ent/EN/TXT/?uri=CELEX%3A32
023R1114

(MiCA)

First comprehensive regional
[regulatory framework. Covers:

crypto|

Crypto-asset service providers (CASPs)
Stablecoins
(asset-referenced
tokens)

tokens & e-money
Consumer protections

Market abuse rules Provides passporting
rights across EU member states.

June 2023

Crypto firms operating before December
30, 2024 may continue temporarily but
must obtain full MiCA authorization by
July 1, 2026 (or earlier if the member state
sets a shorter period).

SEC v. Ripple Labs Inc., No. 20 Civ. 10832
(S.D.N.Y. July 13,

2023).

https://www.sec.gov/newsroom/sp eeches-

statements/crenshaw-state ment-ripple-

[nstitutional XRP sales = securities
offerings

Programmatic exchange sales #

securities

050825

Introduced nuance into token classification|
in secondary markets.

July 13, 2023

Order Approving Rule Changes to List and
Trade Spot ETPs.
https://www.sec.gov/rules/sro/nyse
arca/2024/34-99306.pdf

Bitcoin

SEC approved the first U.S. spot Bitcoin|
ETFs. Allowed Bitcoin exposure through
regulated securities exchanges. Marked|
institutional integration of crypto into
traditional financial markets.

Jan. 10, 2024

Genius ACT

https://www.congress.gov/bill/119t h

congress/senate-bill/1582/text

The bill creates the first comprehensive
U.S. regulatory framework for stablecoins,
a type of cryptocurrency designed to
maintain a fixed value (usually pegged to
the U.S. dollar).

July 2025

[Project Crypto

February 2026

https://www.sec.gov/about/sec-lau
nches-project-crypto

[Update securities rules so financial markets
can operate “on-chain” using blockchain
technology.

Provide clear regulatory frameworks for
crypto assets and digital asset companies.
Strengthen U.S. leadership in digital
finance and crypto innovation.
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