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Abstract. The study analyzes volatility regimes, tail risk and machine learning forecastability of seven financial assets

(BTC, ETH, the S&P 500, NASDAQ, Gold, Crude Oil, and US Dollar Index) from 2017 to 2026. Structural break analysis

shows that financial instability is characterized by variance, not by a change in the mean. EGARCH is preferred in five

out of seven assets, with significant leverage effects in the equity indices. According to EVT analysis, ETH and BTC are

the highest-tail-risk assets, while Crude Oil has the heaviest tail. Kupiec and Christoffersen VaR back testing results

show that Gold’ s actual exceedance rate at the 95th percentile is almost twice the expected exceedance rate. XGBoost

doesn’ t statistically outperform Linear Regression (DM = −0.403, p = 0.687), and the most important predictive element

is a 5-day rolling mean return. The results show that most predictive information in daily returns is contained in linear

autoregressive features.

1. Introduction

It is still an empirical issue whether nonlinear ML models offer better forecasts of returns than

well-specified linear models, a question that has clear consequences for risk modeling, regulation,

and the use of ML in finance. Another question to address is whether risk arises mostly from

changes in the expected return or structural breaks in the conditional variance in the financial

markets. This paper attempts to answer both questions based on a multi-asset panel dataset of

daily returns from 2017 to 2026.

The empirical procedure consists of a combination of strict temporal out-of-sample validation,

Diebold–Mariano test [3] with the Harvey–Leybourne–Newbold correction [8] and Newey–West

HAC standard errors [20], and SHAP decomposition to decompose predictive contributions at the

level of features. The key finding is a straightforward negative one: XGBoost does not improve

upon Linear Regression in predicting daily returns of BTC (DM=−0.403, p-value= 0.687), and this
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conclusion is consistent throughout all annual sub-periods (2024–2026) and validation procedures

used. The SHAP decomposition finds that the leading predictive contribution, the five-day rolling

mean return (mean |SHAP| = 0.023), is a momentum variable that explains why nonlinear models

do not provide any gains compared to a linear model [7, 19, 21].

The short-term persistence of returns observed herein conforms to the findings of the wider

momentum literature [10,17] as well as delayed information diffusion frameworks [9]. The results

from a permutation test – where the time order of the features is shuffled but the target time series

is left unchanged – show that the accuracy drops to around 50%.

1.1. Contributions. (i) Unified cross-asset approach: Joint consideration of two cryptocurrencies

and five traditional assets allows for a direct comparison of risk characteristics, regimes, and return

predictability across diverse market environments.

(ii) ML capacity limitations – empirical proof: DM test proves that XGBoost is not statistically

distinguishable from Linear Regression in predicting daily returns of BTC (DM= -0.403, p= 0.687).

The reason behind this finding is determined – a linear short-term momentum effect – rather than

just a lack of predictive ability.

(iii) Feature importance with SHAP: Using SHAP, it was shown that the predictive information

comes from roll_mean_5 (mean |SHAP| = 0.023), which is a linear momentum signal about 2.6

times more important than any other feature used in the model.

(iv) Comprehensive risk management: The study considers EGARCH modeling of volatility,

EVT-based tail risk with GPD thresholding, formal backtesting of VaR, and DCC-GARCH dynamic

dependencies.

The structure of the paper is as follows. Section 2 deals with data and validation methodology.

Sections 3 to 5 deal with diagnostics, volatility modeling, and EVT-based tail risk assessment.

Section 6 discusses machine learning-based forecasting and economic value. Section 7 deals with

probabilistic calibration. Section 8 investigates regime shifts and dynamic dependencies.

2. Data, Return Construction, and Validation Protocol

2.1. Data. Closing prices on a daily basis of seven assets are collected from Yahoo Finance through

the usage of R software, version 4.3.2, and the quantmod package from January 2017 till May 2026

(approximately 2,320 business days). The data set includes BTC-USD, ETH-USD, S&P 500 (ˆGSPC),

NASDAQ Composite (ˆIXIC), Gold spot (GC=F), Crude Oil WTI (CL=F), and the US Dollar Index

(DX-Y.NYB). The log-returns of each asset are calculated using the formula

rt = ln(Pt/Pt−1) (2.1)

where Pt is the closing price on day t. The data covers several stress events, including the crypto

bear market in 2018, the COVID-19 crash in March 2020, the crypto bull market in 2020-2021, the

FTX crash in November 2022.
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2.2. Leakage Prevention and Temporal Validation. All features are generated following a rigor-

ous causal protocol: rolling features use only past observations up to the forecast date; lagged

features use observations at t−k to make forecasts at t; and feature scaling is done only within the

training period, with test set observations being scaled based on training period statistics. The

temporal train-test split follows a strict split of first 70% training and last 30% test, with no shuffling

or look-back. Three tests for validation include: (a) Ljung-Box test for model residuals giving p

= 0.237, indicating no residual autocorrelation; (b) subperiod directional accuracy for each year

(2024: 70.7%; 2025: 76.8%; 2026: 79.6%) leading to a time-weighted average of ~75.8%, consistent

with the 76.24% figure reported in Table 4; and (c) a permutation test reducing directional accuracy

to ~50%, indicating no leakage. The forecasting problem requires only the prediction of direction

of change in returns and not the magnitude.

Rolling feature overlap: The rolling window predictors (roll_mean_5), which share observations

between adjacent dates, have the potential to create local autocorrelation in the signal for predic-

tions. The annual subperiods and permutation test provide evidence that our primary results do

not arise from this type of structure.

HAR-RV exclusion: HAR-RV specifications need the realised volatility data at shorter intervals

than daily, which is not available in this dataset. Elastic Net and AR(1) are good benchmark

comparators within the daily return setting.

3. Statistical Diagnostics

For each of the seven assets, the ADF tests reject the null hypothesis of a unit root for log-returns

(p ≤ 0.01). The tests for levels at KPSS at level 1 and 2 give p values below 0.01, which is used as

the rejection limit, and the null hypothesis of stationarity is rejected. This result is consistent with

the test results for log-returns, which show that log-returns are stationary. The Ljung-Box tests are

used to check any significant serial correlation in most return series, approaching the martingale

difference hypothesis (p = 0.188) for DXY. The results of the ARCH-LM tests are important for all

assets (p < 10−8), showing conditional heteroskedasticity in all the test periods. All assets fail to

meet normality criteria at the Jarque-Bera (p ≈ 0) and OIL has the greatest excess kurtosis (26.51),

while the lowest is found in DXY (4.68). The results are fully reported in table 1.

4. VolatilityModelling

For each asset the GARCH(1,1) [1], GJR-GARCH [6] and EGARCH [18] are estimated using

quasi-maximum likelihood with Student-t innovations. Model selection is under the control of

AIC. The results are listed in Table 2. EGARCH is chosen for 5 out of 7 assets (BTC, ETH, SP500,

NASDAQ, GOLD). Leverage effects, with negative return shocks more influential than shocks of

equal magnitude, are significant for SP500 (α1 = −0.182) and NASDAQ (α1 = −0.156), but not for

BTC and ETH (p = 0.943 and p = 0.844), while GOLD shows the opposite sign (α1 = 0.052). For

OIL, GJR-GARCH is chosen, and the standard symmetric sGARCH is used for DXY where there
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Table 1. Summary Statistics and Diagnostic Tests for Daily Asset Returns (January

2017 – May 2026, n ≈ 2,320).

Asset Mean (%) SD (%) Skewness Kurtosis ADF p KPSS p ARCH-LM p Ljung- Box p JB p (Norm.)

BTC 0.114 4.185 −0.711 13.88 <0.01 <0.01 <0.001 0.025 <0.001

ETH 0.090 5.451 −0.574 11.75 <0.01 <0.01 <0.001 0.050 <0.001

SP500 0.052 1.214 −0.653 18.10 <0.01 <0.01 <0.001 <0.001 <0.001

NASDAQ 0.066 1.475 −0.421 11.02 <0.01 <0.01 <0.001 <0.001 <0.001

GOLD 0.060 1.081 −0.916 13.75 <0.01 <0.01 <0.001 0.023 <0.001

OIL 0.057 3.014 −0.104 26.51 <0.01 <0.01 <0.001 <0.001 <0.001

DXY 0.002 0.419 −0.190 4.68 <0.01 <0.01 <0.001 0.188 <0.001

Note: BTC and ETH exhibit the highest excess kurtosis (13.88 and 11.75), confirming fat tails and extreme downside risk. DXY

Ljung-Box p = 0.188 is the only near-martingale series. All ARCH-LM p < 0.001 motivate GARCH-family modelling. JB

p-values (Returns_p) ≈ 0 reject normality for all assets. ADF p ≤ 0.01 and KPSS ≤ 0.01 for levels together confirm log-returns

are I(0).

are fewer signs of leverage. Thus, DXY has the highest log-likelihood per observation (AIC =

−8.2304), in other words, the variance of the time series is relatively predictable.

Table 2. GARCH Model Selection and Information Criteria. Best-fitting GARCH-

family model selected by minimising AIC.

Asset Model AIC BIC Log-Likelihood

BTC eGARCH −3.8678 −3.8519 4,134.9

ETH eGARCH −3.2775 −3.2616 3,504.8

SP500 eGARCH −6.5604 −6.5445 7,009.2

NASDAQ eGARCH −5.9923 −5.9764 6,402.8

GOLD eGARCH −6.5196 −6.5036 6,965.6

OIL gjrGARCH −4.7585 −4.7426 5,085.7

DXY sGARCH −8.2304 −8.2171 8,790.9

Note: eGARCH = Nelson [18]; gjrGARCH = Glosten, Jagannathan and Runkle [6]; sGARCH = Bollerslev [1]. Full parameter

estimates are available from the author upon request.

5. Extreme Value Theory and Tail Risk

5.1. POT Methodology and Threshold Selection. The Peaks Over Thresholds (POT) approach

is adopted, where the Generalized Pareto Distribution (GPD) model is fitted on exceedances over

the 95th percentile threshold (107 exceedances per asset). The GPD shape parameter value of ξ

> 0 suggests heavy-tailed distributions with infinite moments for orders higher than 1/ξ. The

threshold is chosen based on the following criteria: (i) Mean Excess Function (MEF) analysis,

which displays a linear relationship over the 90th percentile level for most assets, indicating that

the distribution follows a GPD; (ii) comparison of the Hill estimator, demonstrating the consistency
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Figure 1. BTC Daily Returns and 30-Day Rolling Volatility (January 2017 – May

2026). Upper panel: daily log-returns (red). The vertical dashed line marks March

2020 (COVID-19 pandemic onset). Volatility clustering is evident throughout; the

highest-amplitude returns are concentrated in the 2017–2018 bull-bear cycle and the

March 2020 crash. Return amplitudes modestly declined post-2020, consistent with

growing market depth and institutional participation. Lower panel: 30-day rolling

standard deviation of daily returns. The COVID-19 shock produced the single

largest volatility spike (~10.5%), exceeding the 2018 bear-market peak (~8.0%).

Post-2021, volatility settled into a lower range (2.5%–6%), consistent with a more

stable post-2023 BTC volatility environment.

of the tail index over the 85th–95th percentile interval; and (iii) threshold stability analysis within

the 90th–99th percentile interval.

5.2. Tail Risk Estimates. Table 3 shows the GPD estimations and risk metrics of all seven assets.

ETH and BTC have the greatest ES at 95% (13.182% and 10.005%), demonstrating that the tail risk

is indeed great in cryptocurrencies compared to other investments. Crude Oil has the greatest

tail weight in terms of GPD shape parameters (ξ = 0.2988), suggesting that the rate of decrease in

extreme loss probability is lowest for Crude Oil among the seven assets. DXY has the smallest tail

risk for all the metrics (VaR95 = 0.684%, ES95 = 0.947%, ξ = 0.167).
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Table 3. EVT Tail Risk Measures and VaR Backtesting Results.

Asset VaR95 ES95 Shape ξ Scale σ n Exc. VaR99 Actual Exc. 95% Actual Exc. 99%

BTC 6.162% 10.005% 0.2088 0.0304 107 13.497% 1.17% 0.23%

ETH 7.838% 13.182% 0.1071 0.0476 107 17.456% 2.58% 0.00%

SP500 1.774% 2.970% 0.2127 0.0094 107 3.567% 2.81% 0.47%

NASDAQ 2.321% 3.553% 0.1058 0.0110 107 4.169% 3.75% 0.70%

GOLD 1.657% 2.594% 0.2400 0.0071 107 2.512% 8.90% 4.92%

OIL 3.954% 7.017% 0.2988 0.0216 107 8.031% 4.68% 1.41%

DXY 0.684% 0.947% 0.1669 0.0022 107 1.098% 6.32% 1.41%

Note: VaR and ES expressed as proportional daily losses (positive = loss). GPD shape ξ > 0 for all assets implies Pareto-type

(heavy-tailed) loss distributions. GOLD’ s actual exceedance at 95% (8.90%) and 99% (4.92%) substantially exceeds nominal

rates (5% and 1%), indicating systematic under-calibration driven by abrupt monetary policy pivots and safe-haven demand

reversals underrepresented in the estimation window. OIL is the best-calibrated asset (Kupiec p = 0.762). ETH records zero

violations at 99%, reflecting conservative tail estimates.

Figure 2. Expected Shortfall (95%) and GPD Shape Parameter Across Seven Assets.

Left panel: ES95 ranks assets by average loss in the worst 5% of trading days. ETH

(13.18%) and BTC (10.00%) far exceed traditional assets; DXY (0.95%) is the lowest.

Right panel: GPD shape parameter ξ by asset. OIL (ξ = 0.299) and GOLD (ξ =

0.240) exhibit the heaviest tails among traditional assets. NASDAQ (ξ = 0.106) and

ETH (ξ = 0.107) show the lightest tails, possibly reflecting diversification effects or

shorter extreme-loss histories.

5.3. VaR Backtesting. The underestimation of VaR with respect to gold is one of the most practical

insights gained from this study, with 8.90% realizations above the 95th percentile against an

expected 5.00% (Kupiec [12] test, p < 0.001), and 4.92% exceedances above the 99th percentile

compared to an expected 1.00% (Kupiec p < 0.001). The failure of historical VaR to account for tail

exposure is attributed to the fact that extreme losses occur as a result of sudden shifts in monetary

policies and demand for safety, which are not adequately captured in the historical estimation

period. The asset with the best calibration is Crude Oil (Kupiec p = 0.762), while BTC and ETH
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show conservative exceedances (1.17% and 2.58%, respectively, at the 95th percentile). This finding

underscores the need for EVT-based add-ons to historical VaR [15, 16].

6. Machine Learning Forecasting, Forecast Evaluation, and Economic Value

6.1. Scope, Models, and Features. Asset scope: The ML analysis targets BTC return forecasting.

BTC was selected for its combination of unconditional volatility (daily SD: 4.185%), documented

autocorrelation structure (Ljung-Box p = 0.025), and sufficient exchange liquidity for a directional

simulation. It represents a demanding environment for testing the limits of predictive gains from

nonlinear models.

Supplementary results for ETH and SP500 yield the same qualitative conclusion: XGBoost does

not provide a statistically significant improvement over Linear Regression (DM p ≈ 0.70 and p ≈

0.65, respectively), suggesting that the main finding is not unique to BTC.

Six models are compared: (1) Naïve benchmark (random walk); (2) AR(1); (3) Elastic Net

(penalty cross-validated within training window only); (4) Linear Regression (OLS); (5) Random

Forest; (6) XGBoost. The feature set for models (3)–(6) includes BTC lags at 1, 2, 3, 5, and 10 days;

five-day rolling mean and standard deviation of BTC returns; and one-period lagged returns from

ETH, SP500, NASDAQ, GOLD, OIL, and DXY. All estimation, scaling, and cross-validation uses

training data exclusively.

Multiple comparisons: The main conclusions — no significant difference between Linear Re-

gression and XGBoost (p = 0.687), or between Linear Regression and Elastic Net (p = 0.754)

— are robust to standard Bonferroni correction and are not marginal rejections that depend on

multiplicity adjustment.

6.2. Point Forecast Performance. Table 4 Panel A reports out-of-sample accuracy metrics. All

supervised models achieve directional accuracy well above 70%, substantially outperforming the

naïve random-walk benchmark (47.53%). Linear Regression achieves the highest directional ac-

curacy (76.24%) and the lowest RMSE (0.02034) and MAE (0.01541). XGBoost achieves marginally

higher RMSE (0.02057) and lower directional accuracy (72.47%) than Linear Regression, while

Random Forest trails both structured models with RMSE = 0.02206 and DA = 71.29%.

6.3. Diebold-Mariano Test Interpretation. All structured models significantly outperform the

naïve benchmark, with p< 10−9 for all (Table 4 Panel B). However, the only meaningful comparisons

are between Linear Regression, Elastic Net and XGBoost, where none of the pairwise DM tests

reject the null of equal predictive accuracy (p = 0.687 and p = 0.754 respectively). The linear

functional form is significantly better than the AR(1) model (p < 0.001), and the cross-market lags

and rolling statistics contain significant predictive information beyond the information contained

in a single autoregressive lag. Random Forest is the weakest structured model, and it performs

significantly worse than Linear Regression (p = 0.008) and XGBoost (p = 0.029), probably because

of the loss of sensitivity to extreme returns, which are the ones making up the strong momentum

signal.
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Table 4. Forecasting Performance and Diebold–Mariano Tests.

Panel A: Out-of-Sample Point Forecast Accuracy

Model RMSE MAE Directional Accuracy

Naïve (Random Walk) 0.04130 0.03093 47.53%

Linear Regression 0.02034 0.01541 76.24%

Random Forest 0.02206 0.01652 71.29%

XGBoost 0.02057 0.01597 72.47%

Panel B: Diebold-Mariano Pairwise Predictive Accuracy Tests

Model 1 Model 2 DM Statistic p-value

Naïve Linear Regression 6.537 1.81 × 10−10 ***

Naïve Random Forest 6.535 1.83 × 10−10 ***

Naïve XGBoost 6.225 1.16 × 10−09 ***

Linear Regression Random Forest −2.653 0.008 **

Linear Regression XGBoost −0.403 0.687 (n.s.)

Random Forest XGBoost 2.197 0.029 *

Note: RMSE = Root Mean Squared Error; MAE =Mean Absolute Error; DA = Directional Accuracy. DM test two-sided;

negative statistic favours Model 2 over Model 1. *** p < 0.001; ** p < 0.01; * p < 0.05; n.s. = not significant at any conventional

level. The non-rejection for Linear Regression vs XGBoost (DM = −0.403, p = 0.687) is the central result of the ML analysis:

increased model complexity does not yield statistically superior predictive accuracy.

6.4. SHAP Feature Importance. Table 5 and Figure 4 show SHAP analysis for the XGBoost model.

The five-day rolling mean return (roll_mean_5) is the most important variable by a significant

margin (mean |SHAP| = 0.02339), which is nearly 2.65× more important than the second most

important variable (lag2 = 0.00883). This is a linear momentum indicator that is easily extracted

using Linear Regression. This also explains why XGBoost is unable to beat the linear benchmark,

as the most important information contained in the variables is linear in nature and non-linear

relationships between variables are of little importance.

6.5. Economic Value of Forecasts. Execution note: The simulation in Table 6 is based on an ideal

execution at daily closing prices without any bid-ask spreads, slippages, market impacts, margin

calls, or size limitations. Without transaction costs, the Sharpe ratio is 6.75 for the Linear Strategy

and 6.22 for the XGBoost Strategy. The numbers generated are upper-bound estimates of the

economic potential of the statistical advantage. The period used for evaluation (September 2024

– May 2026, n ≈ 425 days, ~1.7 years) covers a time when BTC momentum was mostly favorable,

and thus tends to overestimate annualized performance.

Table 6 reports transaction-cost sensitivity for the two main forecasting models. Even under

a 1.00% per-trade cost assumption, both strategies retain positive annualized returns, although

Sharpe ratios decline substantially. This confirms that the directional signal is not erased imme-

diately by severe execution frictions, while also showing that the high frictionless Sharpe ratios

should be interpreted cautiously.
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Figure 3. Forecasting Performance Across Statistical and Machine Learning Mod-

els: Directional Accuracy, RMSE and MAE. DA bars (red, scale 0–0.8) dominate the

chart; RMSE (blue) and MAE (green) bars are negligibly small (~0.02–0.04). Linear

Regression achieves the highest DA (76.24%); the Naïve benchmark attains only

47.53%. The convergence of RMSE and MAE across the three supervised models

is consistent with the non-significant DM test between Linear Regression and XG-

Boost (Table 4, Panel B, p = 0.687).

As part of the analysis to confirm that the exceptionally high Sharpe ratios above are due to

very favorable execution assumptions, we also conduct our analysis on less favorable execution

costs like 0.50% and 1.00%. This is done deliberately to err on the conservative side compared to

average spot BTC transaction costs, and it acts as an approximation of bid-ask spread, slippage,

and market impact. This is not meant for trading but to confirm the directionality of the effect.

The existence of positive risk-adjusted returns with friction assumptions indicates that the

forecast is not simply the result of unrealistic assumptions regarding transaction costs, but it is

likely that the amount of return reported is overstated for practical purposes.

7. Probabilistic Forecasting

A Quantile Regression model is employed to obtain simultaneous 5th and 95th percentile

predictions of BTC return values, thereby obtaining nominal 90% prediction intervals. Features

are constructed following the causal approach outlined in Section 2.2. The empirical coverage

is 90.35%, very close to the desired nominal 90%. Equal pinball losses (5th percentile: 0.00164;

95th percentile: 0.00159) suggest that the two tails are equally calibrated, suggesting that under-
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Table 5. SHAP Feature Importance Rankings for XGBoost BTC Return Forecasting

Model (test period: September 2024 – May 2026).

Rank Feature Mean |SHAP| Economic Interpretation

1 roll_mean_5 0.02339 5-day rolling mean BTC return

(momentum)

2 lag2 0.00883 2-day lagged BTC return

3 lag3 0.00860 3-day lagged BTC return

4 lag1 0.00736 1-day lagged BTC return

5 ETH_lag1 0.00314 1-day lagged ETH return (crypto

co-movement)

6 roll_sd_5 0.00281 5-day rolling return volatility (risk

regime)

7 DXY_lag1 0.00152 1-day lagged US Dollar Index re-

turn

8 lag5 0.00151 5-day lagged BTC return

9 GOLD_lag1 0.00126 1-day lagged Gold return (safe-

haven signal)

10 NASDAQ_lag1 0.00106 1-day lagged NASDAQ return

11 lag10 0.00088 10-day lagged BTC return

12 OIL_lag1 0.00078 1-day lagged WTI Crude Oil re-

turn

13 SP500_lag1 0.00062 1-day lagged S&P 500 return

Note: SHAP values computed using TreeExplainer [14] on the XGBoost model trained over the full training set; mean |SHAP|

averaged across all test-period observations. The dominance of roll_mean_5 (SHAP = 0.02339) — approximately 2.65× larger

than lag2 (0.00883) — indicates that short-term linear momentum is the primary driver of model predictions, explaining the

absence of a statistically significant advantage for XGBoost over Linear Regression (Table 4, Panel B).

Table 6. Transaction-Cost Sensitivity of Economic Trading Performance.

Model Cost Annualized Return Sharpe Max DD

Linear Regression 0.10% 1.89 6.34 -0.04

Linear Regression 0.50% 1.40 4.67 -0.05

Linear Regression 1.00% 0.78 2.55 -0.07

XGBoost 0.10% 1.77 5.87 -0.06

XGBoost 0.50% 1.32 4.38 -0.08

XGBoost 1.00% 0.76 2.48 -0.18

and over-coverage are evenly split between the two tails. Coverage statistics on a year-to-year

basis are 93.9% (2024), 88.4% (2025) and 92.5% (2026). The two most significant prediction interval

violations occur during the mid-2024 leverage liquidation and early-2026 sharp correction, both of

which exceeded the modeled tail width.
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Figure 4. SHAP Feature Importance and Dependence Trend for XGBoost BTC Re-

turn Model. Left panel: horizontal bar chart of mean absolute SHAP values for

the top 10 features. roll_mean_5 (Mean SHAP = 0.02339) is 2.65× larger than the

next-best feature (lag2 = 0.00883), confirming the dominance of a linear momen-

tum signal. Right panel: cumulative SHAP dependence trend, illustrating rapid

concentration of predictive power in the top four features and sharply diminishing

returns to additional model complexity beyond rank 4–5. The pattern explains why

XGBoost cannot outperform Linear Regression.

8. Volatility Regime Shifts and Dynamic Dependence

8.1. Structural Break Analysis. Structural breaks are identified based on the PELT algorithm [11],

wherein the BIC penalty is imposed individually on the conditional mean and conditional variance

of each returns’ time series. The findings show an interesting and consistent result, whereby there

are zero mean changepoints for all the seven assets analyzed, while there are five to eleven variance

changepoints per asset. The total lack of mean changepoints coupled with high variance instability

proves the assertion that financial instability in this particular sample is driven by changes in risk

intensity, and not change in the direction of return expectation.

Structural breaks detection identifies zero mean changepoints but 5-11 variance changepoints

per asset (BTC 10, ETH 9, SP500 11, NASDAQ 11, GOLD 7, OIL 8, DXY 5).

SP500 and NASDAQ have the highest number of changepoints (11 for both indices), which

indicates that they are highly sensitive to shifts in Federal Reserve monetary policy stance and

macroeconomic shocks. BTC has 10 variance changepoints from 2018 to 2022 but has much fewer

changes afterwards, corroborating the hypothesis that there is less structural variation in post-

2023 BTC variance regimes. The structure of variance regimes corresponds with the findings

from SHAP analysis: if expected returns are approximately constant, then roll_mean_5 reflects

momentum within variance regimes.
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Figure 5. BTC Probabilistic Return Forecasting with 90% Prediction Intervals (Sep-

tember 2024 – May 2026). Solid black: realised daily returns. Red dashed: median

probabilistic forecast (Linear Regression Quantile model). Light blue band: 90%

prediction interval. Overall empirical coverage: 90.35% (nominal target: 90%).

Year-by-year coverage: 93.9% (2024), 88.4% (2025), 92.5% (2026). The two most

prominent interval breaches coincide with the mid-2024 leverage liquidation event

and the early-2026 sharp correction.

8.2. Static Correlation Structure. Unconditional Pearson correlations estimated across the whole

dataset serve as the benchmark for comparison with the dynamic correlation patterns captured via

DCC-GARCH model specifications. BTC and ETH demonstrate the highest levels of univariate

correlation with each other (ρ ≈ 0.79) because of the similarities in their market exposures due

to common fundamentals including hash-rate developments, exchange liquidity cycles, and reg-

ulatory risks. Correlation between BTC and SP500 and BTC and NASDAQ is positive but much

weaker (ρ ≈ 0.15–0.20) throughout the whole sample period, with a significant rise in post-2020

sub-sample that anticipates the structural change observed in Section 8.3. Gold and DXY show

near-zero or slightly negative correlation with equities, in line with their status as safe haven assets

and reserve currency, respectively. Crude Oil demonstrates positive correlation with equities (ρ ≈

0.25).

8.3. DCC-GARCH Dynamic Correlations. The DCC-GARCH (1,1) model [4] is estimated for the

seven-asset system. The dynamic correlation equation

Qt = (1− a− b)Q̄ + a εt−1ε
′

t−1 + b Qt−1, (8.1)

describes the evolution of conditional correlations through time. The stationarity condition a + b

< 1 is satisfied for each pair of assets. The shock-response parameter a ranges between 0.013 and
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0.031, whereas the persistence parameter b varies between 0.949 and 0.971 – demonstrating slow

evolution of DCC correlations and long-lasting elevated correlation regimes.

The application of Fisher z-tests shows that there are structural shifts in BTC-SP500 and BTC-

NASDAQ correlations after 2020 (both p < 0.001, z = 3.97), while BTC-ETH, BTC-GOLD, BTC-OIL,

and BTC-DXY do not show any structural changes in their correlations. The higher correlation of

Bitcoin with equity indexes is due to the growing interest of institutional investors in Bitcoin since

2020 [5, 13]. However, the case of BTC-ETH is unique in that the mean DCC of BTC-ETH was

already 0.79 before 2020.

Figure 6. BTC Dynamic Conditional Correlations with Equity Markets (January

2017 – May 2026). Area chart of DCC-GARCH(1,1) conditional correlations between

BTC and the equity market composite (SP500 and NASDAQ, averaged). Blue area:

full daily range of conditional correlations. Red line: Loess-estimated trend. During

2017–2019, BTC–equity correlation was near zero. The COVID-19 shock (March

2020, dashed vertical line) triggered a transient correlation spike from cross-asset

deleveraging. Post-2020, trend correlation rose gradually to approximately 0.25–

0.30, consistent with stronger co-movement between BTC and equity markets after

2020. High DCC persistence (b ≈ 0.96) confirms this elevated correlation regime is

unlikely to revert rapidly.

8.4. Crisis-Period Snapshots. Three crisis events indicate the importance of regime dependence

on conditional correlation behavior. First, the March 2020 crash associated with COVID-19 caused

the largest cross-asset deleveraging event in the sample: conditional correlations between BTC

and SP500 shot up from close to zero to roughly 0.60 in two weeks, driven by margin calls and

liquidity requirements that led to a simultaneous liquidation of assets. Second, the November

2022 FTX failure was largely crypto-specific: conditional correlations between BTC and SP500 and
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NASDAQ temporarily decreased during this episode as the crypto-exchange contagion prevailed,

implying that crypto-exchanges are still different from financial institutions in terms of their failure

mechanisms. Third, the rate-hike cycle initiated by the Federal Reserve in 2022 raised BTC-equity

correlations through 2022-2023, as BTC became increasingly risky and correlated with changes in

discount rates, consistent with the post-2020 regime change described in Section 8.3.

9. Discussion and Limitations

9.1. Predictability Constraints and Regulatory Implications. The findings of the DM test confirm

that the improvement in forecast accuracy gained through the use of nonlinear ML models is

statistically insignificant in this case of daily return forecasts. There is no rejection of the null

hypothesis of equal forecast accuracy between Linear Regression and XGBoost (DM = −0.403, p

= 0.687) and Linear Regression and Elastic Net (p = 0.754). Most importantly, Linear Regression

significantly outperforms the AR(1) model (p < 0.001), which means that the lags across different

markets and the rolling statistics contain information that can be used for prediction, and it is

linear information.

This evidence reinforces the focus on model parsimony since there are no observable statistical

or economic benefits from increased complexity. In terms of practical application, organizations

that are exposed to returns of BTC can apply the simple yet effective linear models for predicting

the daily point without any loss in terms of accuracy of forecasting. Economic value simulation

further supports this assertion since the difference in the Sharpe ratio for the Linear Strategy (6.75)

and the XGBoost Strategy (6.22) is minimal and remains small in different cost regimes, similar to

the results of the Diebold-Mariano test that showed equal predictive accuracy of both models.

9.2. Limitations. Asset scope: The main analysis is confined to BTC. Predictive performance

could vary for smaller-cap assets with lower liquidity, different autocorrelation structures, or

higher levels of nonlinearity.

Sample specification: This study covers unusual times marked by extreme shocks such as the

COVID-19 pandemic, the FTX debacle, and aggressive monetary policy tightening. The predictive

structure uncovered for daily returns might not hold for low-volatility environments or structural

breaks in crypto markets’ microstructure.

Regime-conditional performance: ML performance is not assessed conditionally on volatility

regime, which is crucial given the 5–11 variance changepoints found for each asset. Nonlinear

models may perform better in certain regimes despite their lack of an unconditional advantage.

Execution assumptions: The trading simulation assumes perfect execution at daily closing

prices. For large-scale portfolios, transaction costs including bid-ask spreads, slippage, and market

impact, which vary for BTC depending on the exchange, would reduce profits significantly.

Alternative data and intraday frequency: The results are based on daily returns from closing

prices with no other predictors than prices themselves. Nonlinear models could improve returns
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using alternative data or intraday frequencies, as well as by introducing order book, sentiment, or

news information.

Deep learning: LSTM and Transformer networks are not considered in this study. Since linear

momentum signals dominate in SHAP and the sample is relatively short (2,320 observations), the

role of deep learning methods in this particular context is likely to be negligible; comparing both

approaches will be left for future research.

10. Conclusion

This paper has assessed the volatility regimes, tail risk, and limitations of machine learning

in daily return forecasting using seven financial assets during 2017–2026. The following four

empirical findings summarize the main results of the paper.

First, the structural break analysis indicates no mean changepoint, while 5–11 variance change-

points per asset are observed, suggesting that the financial market instability is more of a variance

change in the intensity of the risks that were undertaken, rather than a change in the direction of

the expected returns. Second, EGARCH specifications perform better in 5 out of 7 assets (Table

2), with significant leverage effects in the equity markets but not in cryptocurrencies. Third, in

conjunction with the backtests of the VaR models of Kupiec [12] and Christoffersen [2] (Table 3),

historical VaR is shown to systematically underestimate the tail risk of the Gold of both the 95%

and 99% levels, which have direct implications for the allocation of regulatory capital and internal

risk management.

Fourth, and most directly relevant to the recent literature on ML in finance: the DM test shows

that XGBoost is statistically indistinguishable from Linear Regression, both across subperiods

of the year, as well as across validation schemes (Table 4). The main predictive contribution

(mean |SHAP| = 0.02339) comes from a five-day rolling mean return, a linear momentum signal

(Table 5). Based on the frictionless economic value simulation, the Linear Strategy (Sharpe 6.75,

max drawdown −3.96%) performed in similar fashion to XGBoost Strategy (Sharpe 6.22, max

drawdown −6.14%), which is consistent with the DM’ s result. The results indicate that most of the

information contained in the daily returns of BTC is captured by relatively simple, short memory

linear features, and that complexity in the nonlinear models offers very little additional value.

Priority extensions include: (i) regime-conditional ML performance evaluation of how variance

changepoints influence the accuracy of the model; (ii) data from intraday: there is a possibility that

the nonlinearity of microstructure and order flow may bring an advantage to the nonlinear models

over the linear ones in this data; (iii) deep learning comparisons with the formally established

benchmarks; and (iv) alternative data integration to see if the use of cross-sectional or textual

features affects the linear versus nonlinear balance.

Data Availability Statement: Daily closing price data for all seven assets (BTC-USD, ETH-USD,

S&P 500, NASDAQ, Gold, Crude Oil WTI, and US Dollar Index) were retrieved from Yahoo

Finance using the quantmod package in R (version 4.3.2) and are publicly accessible at https:

https://finance.yahoo.com
https://finance.yahoo.com
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//finance.yahoo.com. All modelling code and processed outputs will be deposited in a public

repository upon acceptance.
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