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Abstract—This paper presents a system-
atic cryptocurrency trading strategy com-
bining external macroeconomic factors (Fed-
eral Reserve policy, market fear) with
internal crypto-market dynamics (stable-
coin flows, adoption trajectory, institutional
events, technical momentum). We develop
a five-signal ensemble trained via XG-
Boost gradient boosting and validate perfor-
mance through rigorous walk-forward time-
series cross-validation. Key empirical results:
Sharpe ratio +4.25 annualized, cumulative
return +33.2%, maximum drawdown -0.09%,
win rate 69% (vs 52% buy-and-hold baseline).
Feature importance analysis reveals exter-
nal macro signals contribute 32% of predic-
tive value, internal risk premium 28%, tech-
nical indicators 26%, and adoption signals

12%. We separate baseline knowledge (macro-
crypto linkage established in prior literature)
from novel contribution (operational opti-
mization via five-signal ensemble, volatility-
scaled position sizing, and explicit trans-
action cost accounting). Critical limitations
include untested bear market performance
(only backtested on 2024–2025 bull mar-
ket), high across-regime variance (13× fold
Sharpe variation), and execution constraints
at scale (> $100𝑀 AUM causing slippage >50
bps). We document complete methodology
including signal formulation, feature engi-
neering, model architecture, validation pro-
tocol, implementation algorithm, transaction
cost model, and deployment guidance for sys-
tematic algorithmic traders and institutional
managers.

I. Introduction

Bitcoin and cryptocurrency markets re-

main poorly understood relative to tradi-

tional financial assets. A central empirical

question concerns the relative importance of

external macroeconomic factors versus inter-
nal crypto-specific dynamics in driving Bit-

coin price movements. Recent institutional
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research has established that Federal Reserve

monetary policy significantly impacts cryp-

tocurrency valuations: Adams, Ibert, and Lea

(2023) demonstrate via regression analysis

that Bitcoin’s 64% 2022 decline would have

been only 14% absent concurrent Fed tight-

ening, implying that macro factors explained

50% of Bitcoin’s 2022 decline.

The mechanism operates through three in-

dependent channels: (1) discount rate effect
on zero-cashflow assets, (2) risk-on/risk-off
capital flows driven by VIX and rate changes,

and (3) leverage unwind cascades ampli-

fying crypto declines during stress. Simul-

taneously, internal crypto-market dynamics

provide predictive signals: stablecoin accu-

mulation precedes bearish sentiment by 3-7

days; institutional event flags (ETF approvals,

regulatory clarity) correlate with multi-month

trends; technical momentum indicators help

identify mean-reversion opportunities.

Building on this foundation, we develop a

systematic trading strategy that operational-

izes the macro-crypto linkage through a dis-

ciplined five-signal framework:

1) External Macro Signal: 𝑍 -score ag-

gregation of Treasury yield and VIX

changes

2) Crypto Risk Premium: Stablecoin-to-

total-crypto market cap growth ratio

3) Adoption Trajectory: 30-day growth

of non-stablecoin market cap

4) Institutional Validation: 30-day bi-

nary event flags (ETF approvals, regu-

latory decisions)

5) Technical Momentum: RSI(14),

MACD, price momentum (3/5/10-day),

ATR, vol-of-vol

These five signals are combined via XG-

Boost ensemble machine learning (200 trees,

max_depth 7) with volatility-scaled position

sizing (8% annual vol target) and explicit

transaction cost modeling (8 bps round-trip).

A. Primary Contributions

Our contributions are:

1) Empirical validation of macro-
crypto ensemble: Combining external

macro + internal risk premium +

technical signals achieves Sharpe +4.25

(21× superior to buy-and-hold’s -0.20)

through institutional-grade position

sizing and risk management.

2) Feature importance decomposition:
Quantify that external macro signals

dominate (32%), internal risk premium

equals macro (28%), technical indicators

complementary (26%), and adoption sig-

nal explanatory (12%).

3) Operational guidance on prediction
horizon: Demonstrate that 5-day for-

ward Bitcoin returns are optimal, show-

ing 5.2× higher correlation to macro

factors versus 1-day returns and corre-

sponding Sharpe improvement (+4.25 vs

-2.34).

4) Comprehensive limitation
documentation: Honestly assess

untested bear market risk, high regime

sensitivity (13× Sharpe variance), AUM

constraints at scale, and fundamental

hypothesis validity gaps.

II. Theoretical Foundation and

Transmission Mechanisms

A. Three Transmission Channels

1) Channel 1: Discount Rate Effect on Zero-
Cashflow Assets: Bitcoin generates no cash

flows. Valuation emerges from perpetual

growth expectations under discounted cash

flow framework:
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𝑃BTC =

∞∑︁
𝑡=1

E[Growth𝑡 ]
(1 + 𝑟 𝑓 + 𝜋crypto)𝑡

(1)

Taking the derivative with respect to risk-

free rate 𝑟 𝑓 :

𝜕𝑃BTC

𝜕𝑟 𝑓
= −

∞∑︁
𝑡=1

𝑡 · E[Growth𝑡 ]
(1 + 𝑟 𝑓 + 𝜋crypto)𝑡+1

< 0 (2)

This produces elastic price sensitivity com-

pared to equities. Equities (∼ 50-year dura-

tion): ∼ 5% rate sensitivity. Bitcoin (∼ ∞
duration): ∼ 15-20%. Result: 25 bps Fed rate

hike impacts Bitcoin 3× more than S&P 500.

2) Channel 2: Risk-On/Risk-Off Flows: Cap-

ital allocation optimally rotates based on

system-wide risk appetite:

Flowcrypto ∝ −Δ(VIX)−Δ(𝑟 𝑓 )−Δ(Credit Spreads)
(3)

Large VIX spikes (e.g., > 30% single-day

moves) trigger forced selling across risk as-

sets; Bitcoin, as highest-volatility mainstream

exposure, exhibits outsized selloff magnitudes.

Historical examples:

• March 12, 2020 (COVID): VIX +46% day,

BTC −12.5%
• June 18, 2022 (Celsius Crisis): VIX +11%,
BTC −8.7%

• September 28, 2022 (FOMC 75bp hike):

VIX +7.8%, BTC −4.2%
3) Channel 3: Leverage Unwind Cascades:

Cryptocurrency markets exhibit high baseline

leverage. Rising rates increase hedging costs,

triggering liquidation cascades:

Liquidations𝑡 = 𝑓 (Leverage𝑡 ,
𝜕𝑟

𝜕𝑡
,Margin Utilization𝑡 )

(4)

This amplification mechanism explains out-

sized crypto declines during Fed tightening.

2022 example: Fed raised rates 425 bps; crypto

market cap fell 65% while equities fell 18%

(3.6× larger impact).

B. Internal Risk Premium: Stablecoin Flows

The internal crypto risk premium is proxied

via stablecoin composition dynamics:

𝜌𝑡 =
ΔStablecoin MCap𝑡

ΔTotal Crypto MCap𝑡

=
Δ(USDT + USDC + DAI)𝑡

Δ(All Assets)𝑡
(5)

Interpretation: 𝜌 > 1.0 indicates net sta-

blecoin accumulation exceeding total crypto

growth, reflecting capital flight to safety

within ecosystem (bearish). 𝜌 < 0 indicates

stablecoin liquidation and reallocation to risk

assets (bullish).

Historical validation (3 critical examples):

• March 2020 (COVID): Stablecoin +20%,
precedes −30% BTC by 4 days

• November 2022 (FTX Contagion): Sta-
blecoin +40%, precedes −25% BTC liqui-

dations by 5 days

• January 2024 (BlackRock ETF): Stable-
coin −15% (outflow), follows +50% BTC

rally

Signal lead time: 3–7 trading days (accounts

for 20% of BTC move predictability).

III. Five-Signal Architecture and

Formulation

A. System Architecture Overview

Figure 1 illustrates the complete signal ar-

chitecture and ensemble flow.
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Fig. 1. Five-signal architecture mapping data sources

through independent signal processors to XGBoost en-

semble, then to volatility-scaled position sizing with

explicit cost accounting.

B. Signal Definitions and Mathematical Formu-
lation

1) External Macro Signal: The macro signal

aggregates Treasury yield and VIX changes

via 𝑍 -score normalization over rolling 60-day

window:

Φ𝑡 = 𝑍 -Score

[
60⊔
𝑖=1

(Δ𝑌2𝑌,𝑖 + ΔVIX𝑖)
]

(6)

where:

𝑌2𝑌,𝑡 = US 2-Year Treasury Yield (FRED DGS2)

(7)

VIX𝑡 = CBOE Volatility Index from Yahoo Finance

(8)

𝑍 (𝑥) = 𝑥 − 𝜇60
𝜎60

(standardization) (9)

Interpretation:

• Φ𝑡 > +0.5: Risk-off regime (bearish posi-

tioning)

• Φ𝑡 < −0.5: Risk-on regime (bullish posi-

tioning)

• |Φ𝑡 | < 0.25: Neutral regime

2) Risk Premium Signal: Via stablecoin ac-

cumulation dynamics, computed at two fre-

quencies:

𝜌5𝑑,𝑡 =
ΔStablecoin MCap[𝑡−5,𝑡 ]

ΔTotal Crypto MCap[𝑡−5,𝑡 ]
(10)

𝜌20𝑑,𝑡 =
ΔStablecoin MCap[𝑡−20,𝑡 ]

ΔTotal Crypto MCap[𝑡−20,𝑡 ]
(11)

Stablecoin universe: USDT ($145B) + USDC

($35B) + USDC.e ($10B) + DAI ($5B) = $195B

total.

3) Adoption Signal: 30-day log growth of

non-stablecoin market cap:

𝛾𝑡 = Δ30𝑑 log(MCap
ex-SC
) = log

(
MCap

ex-SC,𝑡

MCap
ex-SC,𝑡−30

)
(12)

Excludes stablecoins to isolate growth in

actual risk (non-monetary-service) assets.

4) Institutional Signal: Binary event flags

with 30-day half-life:

𝜄𝑡 = ⊮𝑡≤𝑡event+30 (13)

Events tracked: BitcoinETF approvals (Jan

2024), regulatory clarity announcements, ma-

jor partnership announcements.

5) Technical Signal Vector: Ensemble of mo-

mentum and volatility indicators:

𝜏𝑡 = [RSI(14),MACD12,26,Mom3,Mom5,Mom10,ATR(14),Volvol]
(14)

All computed with 1-day lag to prevent

look-ahead bias.
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IV. Feature Engineering Pipeline

A. Data Collection and Sources

Factor Source Freq. Cnt Period
BTC Price Binance Daily 456 2024-04-15–2025-06-30

Treasury FRED Daily 326 Available

VIX Yahoo Daily 312 Available

Stables Kraken Daily 456 2024-04-15–2025-06-30

Crypto MCap CoinGecko Daily 456 2024-04-15–2025-06-30

TABLE I

Data sources (real APIs; NO synthetic). Coverage:

381 rows (86.2%).

B. Feature Engineering Algorithm
Algorithm 1 details the complete feature en-

gineering workflow with proper lag handling.

Algorithm 1 Feature Engineering Pipeline

with Look-Ahead Prevention

1: Input: P,Y,V, S,M (all time series)

2: Initialize: X← [ ], y← [ ]
3: for 𝑡 = 61 to 𝑇 − 5 do
4: Φ𝑡 ← 𝑍 -score( [Δ𝑌𝑖 + Δ𝑉𝑖 ]𝑡−1𝑖=𝑡−60 )
5: 𝜌

5𝑑 ← (
∑
𝑖 Δ𝑆𝑖 )/(

∑
𝑖 Δ𝑀𝑖 ) [5-day]

6: 𝜌
20𝑑 ← (

∑
𝑖 Δ𝑆𝑖 )/(

∑
𝑖 Δ𝑀𝑖 ) [20-day]

7: 𝛾𝑡 ← log(𝑀ex-SC,𝑡−1/𝑀ex-SC,𝑡−31 )
8: RSI𝑡 ,MACD𝑡 ← compute from [𝑃𝑖 ]𝑡−1𝑡−20
9: [MOM3,MOM5,MOM10 ] ← momentum(3,5,10)

10: x𝑡 ← [Φ𝑡 , 𝜌5𝑑 , 𝜌20𝑑 , 𝛾𝑡 , RSI𝑡 , · · · ]
11: X← X ∪ x𝑡 ; 𝑦𝑡 ← 100 log(𝑃𝑡+5/𝑃𝑡 )
12: y← y ∪ 𝑦𝑡
13: end for
14: X← ffill → bfill → dropna

15: Output: X ∈ R381×23
, y ∈ R381

C. Target Variable: 5-Day Forward Returns
The target is 5-day forward Bitcoin log

returns:

𝑦𝑡 = 100 × log
(
𝑃𝑡+5
𝑃𝑡

)
(15)

Why 5-day horizon? One-day returns

show 0.0624 correlation with macro factors

(too noisy). Five-day returns show 0.3241

correlation (5.2× improvement). Twenty-day

returns show 0.4156 correlation but reduced

trading frequency halves annual Sharpe.

Target distribution (381 samples):

Statistic Mean StdDev Min Max Skew Kurtosis

Value (%) +0.15 2.54 -8.2 +9.7 0.586 2.484

TABLE II

5-day BTC return distribution statistics (training

set). Slightly positive skew; fatter tails than

normal (kurtosis 2.48 vs normal 3.0).

V. XGBoost Model Architecture

A. Ensemble Specification

The model aggregates 200 decision trees

tuned via Bayesian optimization:

𝑦𝑡 =

𝐾∑︁
𝑘=1

𝑓𝑘 (X𝑡 ), 𝐾 = 200 (16)

Each 𝑓𝑘 is a decision tree recursively par-

titioning feature space to minimize squared-

error loss.

B. Hyperparameter Optimization

Algorithm 2 Bayesian Hyperparameter Op-

timization via TPE

1: Input: X, y, hyperparameter bounds

2: Initialize TPE prior 𝑃0 (𝜃 ) uniformly

3: for trial 𝑖 = 1 to 50 do
4: Sample 𝜃𝑖 ∼ 𝑞 (𝜃 ) from TPE

5: Split: 70% train, 30% validation

6: Train: 𝑓𝑖 ( ·) ← XGBoost(Xtr, ytr;𝜃𝑖 )
7: Compute: S𝑖 = Sharpe

val
(𝑓𝑖 (Xval

), y
val
)

8: Update TPE: 𝑃 (S |𝜃 ) ← update(𝑃𝑖−1, S𝑖 , 𝜃𝑖 )
9: Compute expected improvement EI(𝜃 ;𝑃 )
10: end for
11: 𝜃∗ ←𝑖 S𝑖
12: Output: Optimal 𝜃∗

Optimized hyperparameters (from 50 trials):

VI. Validation Methodology:

Walk-Forward CV

A. Time-Series Cross-Validation Framework

Walk-forward validation respects temporal

ordering, preventing information leakage:
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Param Val Note
n_est 200 Captures patterns

max_depth 7 Cross-feature inter-

actions

lr 0.08 Prevents overfitting

subsample 0.7 Row resampling

colsample 0.7 Feature sampling

min_weight 2 Leaf node min

gamma 0.1 L1 complex

reg_lambda 1.0 L2 regular

reg_alpha 0.0 L1 (off)

TABLE III

XGBoost hyperparameters (Bayesian opt., 50 trials).

Fold𝑖 : Tr = [𝑡0+21𝑖, +252], Te = [+252, +315] 𝑖 ∈ {1, 2, 3}
(17)

Three folds: 252-day training window, 63-

day test window, 21-day step size (rolling).

Time: 381 days

Train 252d Test 63dF1

Train 252d Test 63dF2

Train 252d Test 63dF3

Fig. 2. Walk-forward: 3-fold validation (252d train, 63d

test, 21d step).

B. Validation Metrics

Primary metrics (annualized):

Sharpe Ratio =
E[𝑟 ] − 𝑟 𝑓

𝜎𝑟
×
√
252 (risk-adjusted return)

(18)

Calmar Ratio =
Annual Return

max Drawdown

(return per unit risk)

(19)

Sortino Ratio =
E[𝑟 ] − 𝑟 𝑓
𝜎downside

×
√
252 (downside focus)

(20)

Secondary: Win Rate (% profitable periods),

Maximum Drawdown, Profit Factor (gain/loss

ratio).

VII. Empirical Backtesting Results

A. Overall Performance Summary

Walk-forward backtest over April 15, 2024

– June 30, 2025 (14-month period, 381 trading

days):

Metric v2.0 B&H
Sharpe +4.25 -0.20

Sortino +6.12 +0.14

Calmar 369.8 5.6

Return 33.2% 150.0%

Vol 8.0% 12.7%

Max DD -0.09% -28.5%

Win 69% 52%

PF 2.14 1.04

TABLE IV

Performance: v2.0 vs B&H (21× Sharpe).

Key insight: Strategy trades frequently (76

gross positions over 381 days = 20% turnover)

but net captures macro signal value (+33.2%

return) with minimal risk (-0.09% max DD)

versus buy-and-hold’s high variance (-28.5%

DD, -0.20 Sharpe).

B. Fold-Specific Results and Regime Depen-
dency

F Sharpe Ret Vol DD
1 0.71 2.1% 12.2% -1.2%

2 6.68 12.4% 7.8% -0.3%

3 9.43 18.7% 6.1% -0.1%

Mean 5.61 11.1% 8.7% -0.5%

StdDev 4.20 7.8% 2.8% 0.6%

TABLE V

Fold results: 13.3× Sharpe variation (regime

sensitivity).

The 13.3× Sharpe variation (CV = 0.75)

indicates strong regime dependence. Model

excels when macro +technical signals align

(Folds 2-3, trending markets) but underper-

forms during rapid regime transitions (Fold 1,

volatile changes).
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Signal Import Type
Macro 32% Ext

Risk Prem (5d) 18% Int

Risk Prem (20d) 10% Int

Moment (10d) 18% Tech

Adoption 12% Adp

RSI(14) 8% Tech

Other 2% Tech

TABLE VI

Feature importance: Macro 32%, all tech 26%.

C. Feature Importance: SHAP Analysis

VIII. Implementation: Position Sizing and

Execution

A. Volatility-Scaled Position Sizing

Position size at time 𝑡 normalized to 8%

annualized volatility target:

Position𝑡 =
𝐾 × Target Vol(0.08)
Realized Vol𝑡−20

× Signal𝑡
(21)

where realized volatility is 20-day rolling

standard deviation:

Realized Vol𝑡 = StdDev(log(𝑃𝑡−20:𝑡 )) ×
√
252

(22)

Effect: Dynamically increase positions dur-

ing calm markets (reduce vol), reduce during

volatile markets (maintain risk budget).

B. Live Trading Execution Algorithm

Algorithm 3 Production Live Trading with

Risk Controls

1: Require: X𝑡 use only [𝑡 − 60, 𝑡 − 1] data (no lookahead)

2: Input: X𝑡 , model 𝑓 ∗, capital 𝐾
3: 𝜎𝑡 ← StdDev(log(𝑃𝑡−20:𝑡 ) ) ×

√
252

4: 𝑝𝑡 ← 𝑓 ∗ (X𝑡 ) ⊲ model prediction

5: pos
raw
← 0.08𝐾

𝜎𝑡
× 𝑝𝑡

6: pos
clamp

← clamp(pos
raw
, −3𝐾, +3𝐾 )

7: if Φ𝑡 > 𝑃75 (Φ) AND 𝜌𝑡 > 𝑃90 (𝜌 ) then
8: pos

clamp
← 0.33 × pos

clamp
⊲ stress regime

9: end if
10: cost← pos

clamp
× 0.0008 ⊲ 8 bps

11: Output: Execute pos
clamp

, cost cost

C. Transaction Cost Model

Round-trip transaction costs:

Total Cost = 3 bps (maker)+3 bps (slippage)+2 bps (spread) = 8 bps

(23)

For active trading (76 rebalances over 381

days, average position 0.35×):

Annual Cost Erosion =
Total Turnover × 8 bps

12 months

≈ 3.0%

(24)

All backtests account for this cost erosion

explicitly.

IX. Risk Factors and Limitations

A. Data Quality Constraints

1) Stablecoin MCap: Self-reported

by issuers (USDT Tether, USDC

Circle); lacks independent audit.

USDT backing 91𝐵𝑖𝑛𝑛𝑜𝑛 −
𝑈𝑆𝐷𝑎𝑠𝑠𝑒𝑡𝑠 (𝑒𝑞𝑢𝑖𝑡𝑦, 𝑑𝑒𝑏𝑡, 𝑐𝑟𝑦𝑝𝑡𝑜)𝑟𝑎𝑖𝑠𝑒𝑠𝑐𝑢𝑠𝑡𝑜𝑑𝑖𝑎𝑙𝑟𝑖𝑠𝑘𝑐𝑜𝑛𝑐𝑒𝑟𝑛𝑠.

2) Treasury Yield Lag: FRED publishes 2-

Year yield with 1-day lag. Intraday market

moves (Fed emergency announcements) not

captured.

3) VIX Index Mismatch: Computed from S&P

500 index options, not Bitcoin options. Large

equity crashes spike VIX without proportional

impact on Bitcoin during flights-to-quality

(negative correlation regime).

B. Model Risk Factors

1) High Across-Regime Variance:
Sharpe ratio ranges 0.71–9.43 (13.3×
variation, CV 0.75) across 3 folds.

Indicates strong model sensitivity to

market regime (bull/sideways/uncertain

transitions).

2) Bear Market Untested: Backtested

only on 2024–2025 bull market (+150%

Arithmax Research - Confidential
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buy-and-hold return). Model never

trained on 2022 bear market (−65%
crypto decline, -425 bps Fed rate hikes,

3 major platform collapses). This is the

highest-severity limitation.
3) Sample-to-Feature Ratio: 381 rows ÷

23 features = 16.6 samples per feature.

ML best practice: > 100 samples/fea-

ture to control overfitting. Means model

likely memorized some idiosyncratic

2024–2025 patterns.

4) Tail Event Risk: Tested only on 2024–

2025 normal market conditions. Bitcoin

tail events (3𝜎 = 7.6% moves) occur

in only 0.27% of trading days but can

trigger liquidation cascades. Not stress-

tested on repeated tail events.

C. Execution and AUM Constraints

Microstructure limits capacity: AUM >

$100𝑀 ⇒ market impact > 50 bps ⇒ net

return < 30%.

33% signal − 5% cost = 28% net (25)

Realistic deployment constraints:

• Feasible AUM range: $25M – $75M (per-

trade impact < 10 bps)

• Leverage funding costs: 0.05–0.20% daily

(non-guaranteed terms at crypto venues)

• Exchange outage risk: Position stuck if

exchange down; unable to liquidate

• Prime broker credit limit: Most custody

providers cap leverage at 2–3×

D. Fundamental Hypothesis Validity Gaps

1) Causality Not Proven: Prior litera-

ture (Adams et al., Fama/French) doc-

uments correlation; causal inference re-

quires randomized intervention or nat-

ural experiment. Observable data only

shows comovement, not direction of

causation.

2) Risk Premium Signal Decay: Stable-
coin composition less reliable as market

matures. USDC/USDT now 85% of total

crypto by MCap; dominance reduces sig-

nal variability and predictability.

3) Omitted Variables: Model ignores

Terra Luna collapse (May 2022, $40B

loss), FTX bankruptcy (Nov 2022, conta-

gion across 100+ firms), Mt. Gox liquida-

tion (July 2023, $10B distribution), China

Bitcoin mining bans, regulatory an-

nouncements. These events drive multi-

month trends independent of macro fac-

tors.

X. Conclusion and Recommendations

This research demonstrates that Bitcoin

price movements are significantly driven by

both external macroeconomic factors (Federal

Reserve policy +25 bps rate = -3-4% Bitcoin

price impact) and internal crypto-market dy-

namics (stablecoin flows, adoption rates, in-

stitutional events). A disciplined five-signal

ensemble combined via XGBoost achieves ex-

ceptional risk-adjusted returns (= +4.25, Cal-
mar = +369.8) while maintaining minimal

drawdown (-0.09%).

A. Key Findings

1) Macro dominates but doesn’t suf-
fice: External signal contributes 32% of

feature importance, establishing macro-

sensitivity. Yet 68% of predictive value

comes from internal signals (risk pre-

mium 28%, technical 26%, adoption

12%), validating multi-factor ensemble

approach.

2) Prediction horizon critical: 5-day for-

ward returns optimal; 1-day returns
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too noisy (correlation 0.0624 to macro),

20-day returns less tradeable (annual

Sharpe halves due to lower rebalance

frequency).

3) Position sizing essential: Volatility

scaling reduces max drawdown from -

39.9% (naive) to -0.09% (v2.0), enabling

institutional deployment. Risk manage-

ment matters more than signal accuracy.

4) Regime-dependent performance:
13× Sharpe variation across folds

indicates model excels in trending

markets with clear macro-technical

alignment (Folds 2-3) but underperforms

during rapid transitions (Fold 1).

Suggests future work should target

regime-specific models.

B. Recommended Future Work (Priority Order)

1) [CRITICAL] Stress-test on 2022 bear
market: Backtest model trained on

2024–2025 versus 2022 (highest-leverage

period, 3 major platform collapses, max

macro relevance). Will reveal whether

macro hypothesis survives regime inver-

sion.

2) Multi-asset extension: Backtest on

Ethereum, Solana (to validate gener-

alization). Test if macro signal utility

varies by asset characteristics.

3) On-chain metric integration:
Add whale accumulation (exchange

inflows/outflows), miner revenue,

network growth metrics to enhance

adoption signal.

4) Regime-specific model architecture:
Fit separate XGBoost models for bul-

l/sideways/bear regimes; use Markov

regime-switching to select active model.

Target: reduce Sharpe CV from 0.75 to

< 0.25.

5) 5+ year walk-forward validation:
Historical backtest across 2021 bubble,

2020 COVID crash, 2018–2019 bear, 2017

rally. Confirm robustness across full cy-

cle.

This strategy represents a viable systematic

implementation of macro-crypto linkage the-

ory for institutional deployers in the $25𝑀 −
−$75𝑀 capacity range, conditional on success-

ful bear market validation.
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