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Abstract

This study develops a leakage-free hybrid Markov—-Random Forest framework for cryp-
tocurrency price forecasting and evaluates it on Bitcoin and Ethereum. Daily OHLCV
features are lagged by one trading day to prevent look-ahead bias, while regime labels are
assigned from observed price changes using a two-state Markov chain with increasing and
decreasing states. Regime-specific Random Forest models are then tuned independently via
time-series cross-validation, allowing the predictive structure to adapt to regime-specific
market conditions. The empirical results exhibit clear asset dependence. For Ethereum, the
hybrid model outperforms the standalone Random Forest on magnitude-based metrics,
attaining lower MAE and RMSE while also delivering a modest improvement in direc-
tional accuracy. Regime-specific tuning further identifies distinct optimal hyperparameter
configurations across the increasing and decreasing states, suggesting that Ethereum’s
upward and downward dynamics are structurally heterogeneous and can be better cap-
tured through regime-aware learning. By contrast, for Bitcoin, the standalone Random
Forest delivers superior magnitude forecasting performance, while the regime-specific
models differ only in tree depth and share the remaining tuning parameters, indicating
that regime conditioning adds limited incremental value in a more persistent market. Sta-
tistical tests reinforce these findings. For Ethereum, Diebold—Mariano tests show that the
hybrid significantly outperforms the standalone Random Forest under squared loss, while
the absolute-loss comparison is only marginal. Across both assets, directional accuracy
remains close to random chance, confirming the limited predictability of next-day price
direction from lagged OHLCYV features. Overall, the hybrid framework is most valuable
when regime-specific dynamics are sufficiently distinct, offering improved forecasting
performance and greater interpretability than a single global model.

Keywords: Bitcoin; Ethereum; Markov regime switching; Random Forest; hybrid
forecasting; cryptocurrency volatility

1. Introduction

Bitcoin and other cryptocurrencies have brought pronounced volatility and structural
shifts to financial markets, with abrupt transitions between bullish and bearish regimes [1,2].
These assets display nonstationarity, fat-tailed distributions, and regime changes that chal-
lenge traditional time-series models, such as ARIMA and GARCH, that assume parameter
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stability. Although deep learning methods often achieve strong predictive results [3], their
opacity limits interpretability in financial applications.

Bitcoin, as a digital store of value, exhibits more persistent trading regimes than
Ethereum, whose platform-driven dynamics show a more balanced split between increasing
and decreasing states. This contrast motivates the question of whether regime-specific
modelling adds value in one asset more than another, rather than assuming that a single
forecasting strategy should work uniformly across cryptocurrencies.

Markov switching frameworks [4] provide a natural way to model regime transitions,
while Random Forests [5] capture nonlinear relationships in lagged OHLCYV features but do
not explicitly encode regime dependence. A hybrid design that separates regime detection
from prediction can therefore combine interpretability with nonlinear forecasting capacity.

To investigate this question, this paper develops a leakage-free hybrid Markov—
Random Forest framework in which a two-state Markov chain identifies market regimes
from daily price changes and regime-specific Random Forest models are tuned via time-
series cross-validation. The empirical analysis compares Bitcoin and Ethereum to deter-
mine whether regime conditioning adds value beyond a single global nonlinear model and
whether any benefits appear in magnitude forecasting, directional prediction, or both.

Our contributions include: separating regime detection from prediction in a leakage-
free framework; identifying when regime conditioning improves a global nonlinear model;
comparing Bitcoin and Ethereum to reveal asset-dependent behaviour; and evaluating
magnitude and directional performance with statistical tests and regime diagnostics.

The paper proceeds with the Literature Review, Methodology, Empirical Results for
Bitcoin and Ethereum, Discussion, and Conclusion.

2. Literature Review
2.1. Regime-Switching Models in Finance

Markov switching models form a cornerstone of financial econometrics for capturing
structural breaks and regime changes [4]. Hamilton’s framework posits unobserved state
transitions via Markov processes, characterising markets by distinct regimes. This frame-
work has gained traction: Caporale et al. [6] identified high /low-volatility regimes in Bit-
coin using MS-GARCH, while Bouri et al. [7] showed regime-switching factors outperform
single-regime models across cryptos. Recent hybrids integrate ML, such as Agakishiev’s [8]
HMM with reinforcement learning, improving transition forecasts. Yet regimes often re-
main latent within black-box architectures, obscuring their predictive role. Bitcoin shows
persistent regimes due to maturity, whereas Ethereum’s distinct platform dynamics may
yield different regime characteristics, an underexplored cross-asset gap.

2.2. Machine Learning for Cryptocurrency Forecasting

ML outperforms parametric models in crypto prediction by handling nonlinearities.
Tree-based and neural methods demonstrate strong performance: Basher et al. [9] found RFs
beat logits with 75-85% directional accuracy over multi-day horizons. Hamayel et al. [10]
reported strong GRU point forecasts, sans regimes. Karam [11] showed RF/SVR topping
LSTMs via simple OHLCV features, calling into question the complexity needs. Recent
hybrid approaches have emerged that combine hidden Markov models with machine
learning; for example, Tripathy et al.’s [12] HMM-LSTM and Karam’s [13] Monte Carlo
RF for volatility. Still, interpretability is lagging behind, and Bitcoin dominates the cryp-
tocurrency literature, while Ethereum’s platform-specific dynamics, including consensus
mechanism changes and decentralised finance (DeFi) activity, have received comparatively
less attention.
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2.3. Research Gap and Contribution

Existing hybrids embed regimes opaquely [8,14], conflate point vs. directional metrics,
and assume that regime switching universally benefits cryptocurrencies without testing
asset-dependent effects or the conditions under which global nonlinear models might al-
ready suffice. We separate regime detection (Markov) from prediction (RF), test BTC/ETH
performance to reveal asset-dependent effects, and prioritise directional accuracy, demon-
strating when regime conditioning adds value beyond global models, advancing clarity,
generalizability, and practical applicability.

3. Methodology
3.1. Data and Preprocessing

The empirical analysis is conducted using daily cryptocurrency market data for Bitcoin
and Ethereum, two digital assets with distinct market structures and trading histories.
For both assets, the raw dataset contains daily Open, High, Low, Close, and Volume series
obtained from the Yahoo Finance API using the USD-quoted tickers BTC-USD (Bitcoin)
and ETH-USD (Ethereum). All data were downloaded on 18 February 2026; no forward-
filled or imputed values were used. The term “Price” in the empirical analysis refers
to the daily Close, which serves as the one-step-ahead prediction target p;. The Bitcoin
dataset spans the period from 17 September 2014 to 30 November 2023, yielding a total
of 3362 daily observations. This extended time horizon covers multiple market cycles,
including early post-adoption volatility, the 2017 bull run, the subsequent 2018 correction,
the 2020-2021 expansion, and the 2022-2023 contraction phase. Over the full sample,
Bitcoin prices range from $178 to $67,567, with a mean of $14,325 and a standard deviation
of $16,038, reflecting the pronounced volatility and regime variation characteristic of mature
cryptocurrency markets.

The Ethereum dataset covers a shorter observation window reflecting a later stage
of Ethereum’s market development, from 3 February 2021 to 3 February 2026, and con-
sists of 1826 daily observations. This sample captures Ethereum’s post-maturation phase,
including the decentralised finance expansion, the 2022 market downturn, and the subse-
quent recovery. Ethereum prices over this period range from $993.64 to $4831.35, with a
mean of $2567.41 and a standard deviation of $896.40. Compared to Bitcoin, Ethereum
exhibits a narrower price range, consistent with an asset whose market dynamics may still
be maturing.

To eliminate look-ahead bias from intra-day features, the High, Low, Open, and Vol-
ume variables are lagged by one trading day prior to model training and evalua-
tion. For each observation at time t, the model receives High, ;, Low;_1, Open,_,,
and Volume;_; as inputs, reflecting values that are fully observed before the closing price
p: is realised. Calendar features (Day, Month, Year) are contemporaneous by nature and do
not introduce leakage. This lagging procedure results in the loss of one observation per
dataset, leaving 3361 observations for Bitcoin and 1825 for Ethereum after preprocessing.

To preserve the temporal structure of the data, an 80 percent training and 20 percent
testing split is applied chronologically for each asset, without shuffling, ensuring that no
future observations influence model training. For Bitcoin, this corresponds to 2689 observa-
tions used for model training over the period from September 2014 to January 2022, and
673 observations reserved for out-of-sample evaluation from January 2022 to November
2023. During the test period, Bitcoin prices range between $15,787 and $47,466, representing
a wide spectrum of volatility conditions. An analogous chronological split is applied to
the Ethereum dataset: 1460 observations for training from February 2021 to February 2025,
and 366 observations for testing from February 2025 to February 2026, covering test prices
from $1473 to $4831.
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Feature construction combines lagged market information with simple temporal
indicators. The predictive feature set includes the lagged Open, High, Low, and Volume
variables (Open,_,;, High, ;, Low;_1, Volume;_1), along with calendar-based features
derived from the timestamp, namely, the day of the week, month, and year. Lagged Close
(or “price”) values are not included as predictors, ensuring that the models do not exploit
trivial autoregressive dependence from p;_; to p; and that the reported performance is
obtained under a strictly leakage-free feature construction.

3.2. Markov Chain Regime Detection

The market regimes are identified directly from observed daily price movements using
a first-order Markov chain. For each cryptocurrency, let p; denote the observed price at
day t. Regime classification is based on the sign of the one-period price change between
consecutive days.

Specifically, the regime at time ¢ is defined as

I, ifpr > pi,
D, ifp; <pi_1,

X =

where I and D denote increasing and decreasing market states, respectively. This classifica-
tion rule relies solely on observable price changes and avoids the use of latent variables or
additional distributional assumptions.

The resulting sequence of regimes {X;} is modelled as a first-order Markov chain,
under the assumption that the probability of transitioning to a new regime depends only on
the current regime. For each asset, the transition matrix P is estimated empirically from the
training data by counting observed regime transitions, following the standard procedure in
Hamilton [4,15]. The entry P;; represents the probability of moving from regime i at time ¢
to regime j at time t 4 1, and is computed as

A I’Z,']'

ij — 7
T Ty
k

where n;; denotes the number of observed transitions from state i to state ;.
The stationary distribution 7t is obtained by solving

nP =, Znizl,
i

which yields the long run proportion of time spent in each regime. In addition, average
regime returns are computed as the mean percentage price change conditional on the
prevailing regime, allowing for an economic interpretation of each state.

3.3. Model Architectures
3.3.1. Pure Markov Chain Baseline

The pure Markov chain model serves as a structural baseline that isolates the pre-
dictive information contained in regime dynamics alone. This approach does not rely on
explanatory variables or learning algorithms, but instead assumes that price evolution is
governed by the long-run behaviour of the estimated Markov chain. Under the assumption
of ergodicity, the stationary distribution 7t = (7], 7tp) represents the long-run proportion
of time the market spends in each regime.
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Let the one-period simple return be defined as

R, = Pt — Pi—1 1
Pi—1

For each regime i € {I, D}, the regime-specific average return r; is computed as the
empirical conditional mean:

_E[Rt|xt:i}zi y PP
! t:Xp=i pt*l

where N; denotes the number of observations classified in regime i.

Using the stationary distribution and regime-specific returns, the expected multiplica-
tive price change implied by the Markov chain is given by the stationary weighted average
growth factor:

2
Y mi(1+7).
i=1

Price predictions are then generated by anchoring this expected growth factor to the
first observed price in the test period, denoted p;,. The resulting forecast is defined as

2

pro Y (1 41i) = py, <1+Z7T,r1> Vt.

i=1 i=1

"@)

This formulation yields a constant price prediction over the test horizon and is explic-
itly designated as a structural lower bound rather than an operational forecasting model.
Crucially, because this baseline generates a static trajectory, any implied directional tracking
metrics do not reflect predictive capability or directional market-timing skill; instead, they
mathematically represent the unconditional proportion of positive-return days within
the out-of-sample test partition. Consequently, this structural bound is excluded from
directional accuracy comparisons to prevent any misleading interpretation of forecasting
competency. The primary purpose of this baseline is to isolate and quantify the explanatory
power of unconditional regime parameters under stationarity, establishing a minimal base-
line for magnitude-based tracking errors against which the machine learning and hybrid
architectures can be strictly benchmarked.

As an additional naive benchmark, a persistence baseline forecasts the next-day closing
price as the most recently observed closing price, i.e., letting p; denote the closing price at
day ¢, the persistence forecast is defined as p; = p;_1, so that the forecast at time t equals
the observed closing price at time t — 1.

3.3.2. Random Forest Benchmark

A Random Forest regressor is employed as the machine learning benchmark, following
the ensemble learning framework introduced by [5]. This model captures nonlinear relation-
ships and interaction effects among market features without incorporating regime information,
thereby serving as a purely data-driven comparison to the Markov-based approaches.

For each cryptocurrency, the Random Forest model is trained on the full train-
ing dataset using lagged Open, High, Low, and Volume (Open,_,, High, ;, Low;_q,
Volume;_) together with contemporaneous calendar features (Day, Month, Year) as in-
puts. The model hyperparameters are selected using GridSearchCV combined with
five-fold time-series cross-validation implemented through TimeSeriesSplit in the
scikit-learn library [16]. This procedure preserves temporal ordering by sequentially
training on observations from periods one through k and validating on period k + 1, thereby
avoiding look-ahead bias, which is particularly critical in financial forecasting. All the
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Random Forest models and the associated GridSearchCV procedures are initialised with
a fixed random seed (random_state = 42) to ensure deterministic and reproducible
results across runs.

The hyperparameter search space includes the number of trees, maximum tree depth,
and minimum sample requirements for node splitting. Specifically, the grid explores
the number of trees in the range from 50 to 200; maximum depth values of 5, 10, 20;
and unrestricted depth, minimum samples per leaf between 1 and 5, and minimum samples
required to split an internal node between 2 and 5. All continuous features are standardised
prior to training to ensure numerical stability.

The resulting optimised Random Forest model provides a strong nonlinear bench-
mark that reflects the predictive performance achievable through machine learning alone,
without explicit modelling of regime dynamics. Feature importance measures are ex-
tracted after training based on the mean decrease in impurity across trees, allowing for
an interpretable assessment of the relative contribution of each input variable. However,
mean-decrease-in-impurity importance is known to exhibit upward bias toward continuous
or high-cardinality predictors [17], so the microstructural conclusions drawn from these
rankings should be interpreted as indicative rather than as unbiased estimates of each
feature’s true causal influence.

Table 1 reports the final hyperparameters selected by GridSearchCV for the globally
tuned Random Forest benchmark models for Bitcoin and Ethereum.

Table 1. Globally tuned Random Forest hyperparameters selected via time-series cross-validation.

Asset n_estimators max_depth min_samples_split min_samples_leaf
Bitcoin 100 20 5 1
Ethereum 200 10 5 2

3.3.3. Hybrid Regime-Switching Model

The hybrid regime-switching framework can be summarised through the following
procedural steps.

1. Input data. Collect daily price series {p;} and leakage-free feature vectors {x;} for
the training and test periods, constructed as described in Section 3.1.

2. Regime identification. For each time index t > 2, assign a regime label X; € {I,D}
based solely on the price change p; — p;—1:

X I ifpt > pi—1 (Increasing),
t pr—
D if pt <pi—1 (Decreasing),

where exact ties (p; = p;_1) are conservatively assigned to D. The first observation
(t = 1) is assigned to D as a neutral fallback. This yields a two-state regime sequence
{X;} that depends only on past and current prices, introducing no future information.

3. Markov chain estimation. Using the labelled training sequence {X;}, compute regime
transition counts and estimate the 2 x 2 transition probability matrix P:

Py P . N
p=| " P P =Pr(Xp=j|Xi=i), ije{lD}
Ppr Ppp

The two-state chain is ergodic by construction: both off-diagonal transition probabili-
ties Pjp and Ppj are strictly positive for both assets, guaranteeing the existence and
uniqueness of the stationary distribution 7. Derive 7w = (717, 7p) by solving 7P = 7
subject to 7r; + tp = 1.
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4.  Regime-specific model training. For each regime i € {I, D}, construct a training subset
containing all observations at index t > 3 such that the previous-day regime satisfies
X;—1 = i. A Random Forest regressor RF; is trained on the corresponding feature
vectors {x; : X;_1 = i} and closing price targets {p; : X;_1 = i}. Hyperparameters
for each RF; are selected independently via GridSearchCV with time-series cross-
validation on the regime-specific training subset, using the same parameter grid as
the global Random Forest benchmark. This ensures that the only structural difference
between the global Random Forest and each regime-specific model is the training data
subset on which it is fitted, not the model class or tuning procedure. The resulting best
hyperparameters (together with regime-specific CV RMSE values and the number of
training observations per regime) are reported in Table 2.

Table 2. Regime-specific Random Forest hyperparameters.

Asset Regime max_depth min_leaf min_split n_est CVRMSE Trainn

Bitcoin I (Increasing) 20 1 2 200 $12,701.92 1455
D (Decreasing) None 1 2 200 $13,260.53 1233

Ethereum I (Increasing) None 1 2 100 $189.25 743
D (Decreasing) 10 1 5 100 $155.95 716

For Bitcoin, the increasing and decreasing regimes select different optimal parame-
ters, with the increasing regime using max_depth = 20 and the decreasing regime using
max_depth =None; however, both regimes share the samemin_leaf =1, min_split =2,
and n_est =200, confirming that the regime-specific models are structurally similar ex-
cept for tree depth. For Ethereum, the two regimes also select distinct parameter con-
figurations: the increasing regime favours unrestricted tree depth (max_depth = None),
with a CV RMSE of 189.25; while the decreasing regime favours greater regularisation
(max_depth = 10), with a CV RMSE of 155.95. This asymmetry confirms that upward and
downward price movements in Ethereum exhibit genuinely different underlying dynam-
ics that regime-specific tuning can exploit, and it documents the complete hybrid-model
specifications required for reproducibility.

Algorithms 1 and 2 provide a formal procedural summary of the training and predic-
tion phases of the hybrid framework described above.

Algorithm 1 Hybrid Markov-Random Forest: Training Phase

1: Input: Daily closing prices {p;}1_;; daily raw features
(Open,, High,, Low;, Volume;, Day,, Month;, Year;);

chronological training index set Tiain.

2: Step 1: Construct lagged features and targets without leakage.

3: fort=2,...,Tdo

4: xt < (Open,_,,High, ,,Low;_;, Volume;_1, Day,, Month, Year;)
5: Yt < Pt

6: end for

7: Restrict {x¢,y:} to t € Tirain-

8: Step 2: Assign regimes from realized prices using training data only.
9: X1 <D

10: fort =2,..., max(Tain) do

11: if p; > p;_1 then

12: X+ 1 > Increasing
13: else

14: Xi < D > Decreasing or flat
15: end if

16: end for

17: Regimes X; depend only on {pj, ..., p:} and are computed once from historical data.
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https://doi.org/10.3390/stats9040071

Stats 2026, 9, 71

8of 17

Algorithm 1 Cont.

18: Step 3: Estimate the Markov chain on training regimes.
19: Compute transition counts

Njj = #{t € Tirain : Xt =1, X411 =j}, i,j € {I,D}.

20: Set
N;i

 Yke1py Nix’
21: Solve for the stationary distribution 7r = (7r7, 7tp) such that

Pij

P =1, 4+ np = 1.

22: Step 4: Train regime-specific Random Forest models.

23: for eachregimei € {I,D} do

24 T {t € Toan:t >3, X, =i}

25 X0 {x:teT)}

260y {yte T8

27: Fit RF; on (X, y(?)) using time-series GridSearchCV over the common hyperparameter grid.
28: end for

29: Output: Transition matrix P, stationary distribution 7r, and fitted models RFj and RF},.

Algorithm 2 Hybrid Markov-Random Forest: Prediction Phase

1: Input: Fitted models RF} and RF}; historical regimes {X; }+c 7, ; daily prices and features for
the test period; chronological test index set Trest.

: Step 1: Extend regime assignment to the test period using only past prices.
: for t = max(Teain) + 1, ..., max(Teest) do
if p; > p;_1 then
Xy 1
else
X+ D
end if
: end for

R A T

10: Step 2: Generate leakage-free hybrid predictions.

11: for each t € Tiest do

12: Use X;_1, which is computed from information available up to time t — 1.
13: x¢ < (Open,_,,High,_;,Low;_j, Volume;_;, Day,, Monthy, Year;)

14: if X; 1 = I then

15: P REE(xy)

16: else )

17: pUrid) o REE (1)

18: end if

19: end for

20: Output: Hybrid predictions {fJEHybnd) HeTy-

3.4. Evaluation Metrics

Model performance is evaluated using a set of complementary metrics designed to
capture both magnitude accuracy and directional effectiveness. This multi-metric approach
reflects the distinction between traditional point forecasting objectives and the requirements
of trading-oriented applications.

Magnitude prediction accuracy is assessed using the mean absolute error and root
mean squared error. Mean absolute error is defined as

1& .
MAE = =} [yt — §i|,
ni3
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and provides a robust measure of average absolute deviation. Root mean squared error is

1M
RMSE = — Z(yt — yt)z,
g

and penalises large prediction errors more heavily. In addition, the mean absolute per-

given by

centage error is used to assess relative accuracy in a scale-independent manner, and is
defined as

The coefficient of determination R? is also reported to quantify the proportion of
variance in observed prices explained by each model.

Directional performance is evaluated using directional accuracy, which measures
the proportion of periods for which the predicted price movement correctly matches the
realised price movement [18]. Formally, directional accuracy is defined as

1 n
—— ) U(sign(y: —yi1) = sign(f: —yi1)),

t=2

where [(-) denotes the indicator function. This metric is particularly relevant for trading
and decision-making contexts, where correctly predicting the direction of price changes is
often more important than minimising absolute forecast errors.

To assess whether the observed performance differences between models are sta-
tistically meaningful, the Diebold-Mariano (DM) test [19] is applied to forecast error
differentials under both squared loss (RMSE-based) and absolute loss (MAE-based), using
a Newey-West HAC variance estimator [20] with bandwidth i = [4(n/100)%/?] and a
Bartlett kernel. The DM test statistic is

DM = L_,

\/ Viiac(d)

where d is the sample mean of the loss differential d; = L(es;) — L(ep;) and Vygac is
the Newey-West variance of d. Under Hy of equal predictive accuracy, DM LN (0,1).
For directional accuracy comparisons, a circular block bootstrap proportion test is used [21]

with block size b = |n!/3 | and B = 5000 resamples to preserve serial dependence. All test
statistics and p-values are reported uniformly across all comparisons.

4. Empirical Results

4.1. Bitcoin
4.1.1. Regime Characteristics

The estimated Markov transition matrix for Bitcoin indicates a clear degree of
regime persistence,

. (0.5162 0.4838
BTC —

 Agre = [0.5415, 0.4585),
0.5714 0.4286> 7epte = | ]

These results show that increasing market conditions persist with a probability of
51.62 percent, while decreasing regimes remain active with a probability of 42.86 percent.
Such persistence supports the relevance of modelling Bitcoin price dynamics through
regime-dependent structures rather than assuming homogeneous behaviour over time.
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https://doi.org/10.3390/stats9040071

Stats 2026, 9, 71

10 of 17

The regime-specific average returns reveal a clear asymmetry between market states.
During increasing regimes, the average daily return is r; = +2.59%, while decreasing
regimes are associated with an average return of rp = —2.54%. This near symmetry in
magnitude but opposite direction highlights the strong directional structure present in
Bitcoin price movements and provides further justification for conditioning predictive
models on the prevailing regime. The distribution of regimes in the training data, with
54 percent classified as increasing and 46 percent as decreasing, confirms that both regimes
are well represented, ensuring reliable estimation of regime-specific dynamics.

4.1.2. Model Performance Comparison

Table 3 reports the out-of-sample performance of the models on the Bitcoin test set
under the fully leakage-free two-state protocol. Among the learned models, the standalone
Random Forest achieves the best magnitude forecasting performance, with an RMSE of
$1755.28 and an R? of 0.95, while the hybrid regime-switching model attains an RMSE of
$1956.34 and an R? of 0.93. The hybrid model also delivers a slightly higher directional
accuracy than the standalone Random Forest, although the difference is marginal. The per-
sistence baseline remains the strongest magnitude benchmark overall, while the Markov
chain serves as a regime-only structural lower bound.

Table 3. Bitcoin test set performance comparison. Bold indicates the best value in each metric across
the learned models.

Model MAE ($) RMSE ($) MAPE (%) R? Dir. Acc. (%)
Random Forest 1489.14 1755.28 5.84 0.95 49.55
Hybrid regime-switching 1634.30 1956.34 6.45 0.93 49.70
Persistence baseline 523.52 829.40 1.89 0.99 48.07

4.1.3. Statistical Significance

Table 4 reports the Diebold-Mariano test results for Bitcoin. Under squared loss,
the Random Forest significantly outperforms the hybrid (DM = 3.3774, p < 0.001), and this
pattern persists under absolute loss as well (DM = 2.7692, p < 0.001), indicating that
the RF advantage is robust across loss functions and not driven by autocorrelated or
heteroskedastic forecast errors. The block bootstrap tests for directional accuracy are
not statistically significant (p = 0.9458 for hybrid vs. RF and p = 0.5492 for hybrid
vs. persistence baseline), suggesting that neither model captures meaningful day-ahead
directional signal for Bitcoin.

Table 4. Diebold-Mariano and block bootstrap test results for Bitcoin. The DM statistic uses Newey—
West HAC variance (Bartlett kernel). The directional accuracy (DA) test uses a circular block bootstrap
(B = 5000, b = 8). ** p < 0.001, where pp denotes percentage points, and n.s. denotes not significant.

Comparison Loss/Test Type  Stat./Diff. p-Value Sig.
Hybrid vs. RF Squared (RMSE) 3.3774 < 0.001  ***
Hybrid vs. RF Absolute (MAE) 2.7692 <0.001
Hybrid vs. persistence baseline Squared (RMSE)  11.1449 < 0.001
Hybrid vs. RF (DA) Block bootstrap ~ 0.1488pp  0.9458 nus.

Hybrid vs. persistence baseline (DA)  Block bootstrap ~ 1.6369 pp  0.5492  n.s.

4.1.4. Visualisation and Diagnostics

Figure 1 compares point forecasts generated by the Random Forest and hybrid models
over the Bitcoin test period. The standalone Random Forest closely tracks observed price
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movements, reflecting its strong performance in magnitude prediction. The hybrid model
produces smoother forecasts while remaining responsive to regime-dependent dynamics.

Model Predictions vs. Actual Price RMSE Comparison

— Actual 2000
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$45,000 +-+- Hybrid Regime-Switching
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Figure 1. Point forecasts across models (Random Forest and hybrid).

Figure 2 provides a more detailed view of the hybrid model by decomposing its
predictions according to the detected market regime. Distinct predictive behaviours are
observed across increasing and decreasing states, illustrating the model’s explicit regime
awareness. This visualisation highlights how the hybrid framework adapts its forecasts
based on prevailing market conditions rather than applying a single global prediction rule.
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Figure 2. Hybrid regime-specific performance analysis.
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Regime-specific error diagnostics further support these observations. A feature im-
portance analysis reinforces the earlier findings, with the Low, High, and Open prices
accounting for 35.848 percent, 48.471 percent, and 15.412 percent of total importance, re-
spectively. Temporal features contribute negligibly, suggesting that price-level information
dominates the forecasting process in Bitcoin markets.

4.2. Ethereum
4.2.1. Ethereum Regime Characteristics

The estimated Markov transition matrix for Ethereum is

. (0.4738 0.5262
ETH —

et = [0.5096, 0.4904
0.5469 0.4531)’ 7gmn = | ' )

with self-persistence probabilities of 47.38% (I) and 45.31% (D), compared to Bitcoin’s 51.6%
(I) and 42.9% (D).

These estimates indicate that Ethereum exhibits moderate regime persistence overall,
with a more symmetric balance between increasing and decreasing states than Bitcoin.
The stationary distribution shows that Ethereum spends almost an equal amount of time in
both regimes (approximately 51% vs. 49%).

4.2.2. Ethereum Model Performance

Table 5 reports the out-of-sample performance for Ethereum. The hybrid regime-
switching model achieves the best overall magnitude performance across all metrics,
with an MAE of $99.17, RMSE of $137.37, MAPE of 3.29%, and R? of 0.97, outperforming
the standalone Random Forest (MAE: $106.91, RMSE: $150.11, MAPE: 3.57%, RZ: 0.97) on
all magnitude metrics. Directional accuracy for the hybrid (51.23%) modestly exceeds that
of the Random Forest (50.96%), though both remain close to random chance, consistent with
the general difficulty of day-ahead directional prediction across cryptocurrency markets.

Table 5. Ethereum test set performance comparison. Bold indicates the best value in each metric
across the learned models.

Model MAE ($) RMSE ($) MAPE (%) R?> Dir Acc. (%)
Random Forest 106.91 150.11 3.57 0.97 50.96
Hybrid regime-switching 99.17 137.37 3.29 0.97 51.23
Persistence baseline 81.45 119.02 2.72 0.98 49.32

4.2.3. Ethereum Statistical Significance

Table 6 reports the statistical significance tests for Ethereum, evaluating both predic-
tive error distributions and directional accuracy. Under squared loss (RMSE), the pro-
posed hybrid framework significantly outperforms the standalone global Random Forest
(DM = —2.6061, p = 0.0221), while the absolute-loss comparison is only marginally sig-
nificant (DM = —2.2481, p = 0.052). These results suggest that the hybrid’s magnitude
forecasting gains are more robust under squared loss than under absolute loss.

In contrast, the hybrid does not outperform the persistence baseline under squared
loss (DM = 3.6509, p = 0.0002), indicating that the persistence rule remains stronger on
this criterion. Taken together, these comparisons indicate that the hybrid model is not
uniformly superior across all benchmarks in the Ethereum experiment.

When directional forecasting is evaluated using the circular block bootstrap test
with block size b = 7, the results are consistent with the Bitcoin findings: the observed
directional gains are not statistically significant. Although the hybrid achieves a modest
improvement in directional accuracy, this edge is statistically indistinguishable from both
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the standalone Random Forest (+0.2740 percentage points, bootstrap p = 0.9202) and the
persistence baseline (4-2.19178 percentage points, bootstrap p = 0.3534). This suggests that,
for Ethereum, regime conditioning improves magnitude prediction more reliably than it
improves day-ahead directional timing.

Table 6. Diebold-Mariano and block bootstrap test results for Ethereum. The DM statistic uses
Newey-West HAC variance (Bartlett kernel). The directional accuracy (DA) test uses a circular block
bootstrap (B = 5000, b = 7). *** p < 0.001, * p < 0.05, where pp denotes percentage points, and n.s.
denotes not significant.

Comparison Loss/Test Type Stat./Diff. p-Value Sig.
Hybrid vs. RF Squared (RMSE)  —2.6061 0.0221 *

Hybrid vs. RF Absolute (MAE) —2.2481 0.052 n.s.
Hybrid vs. persistence baseline Squared (RMSE) 3.6509 0.0002  ***
Hybrid vs. RF (DA) Block Bootstrap ~ 02740 pp  0.9202 ns.

Hybrid vs. persistence baseline (DA) Block bootstrap ~ 2.19178 pp  0.3534 nus.

Overall, the Ethereum results show a clear separation between magnitude and di-
rection: the hybrid model delivers statistically significant gains over the Random Forest
in squared-loss error reduction, but not in directional accuracy, and it does not improve
upon the persistence baseline under squared loss. This pattern is consistent with a market
in which regime-specific structure can be exploited for better point forecasts, while the
short-horizon direction remains difficult to predict from lagged OHLCV features alone.

4.2.4. Ethereum Visualisation and Diagnostics

Figure 3 compares the point forecasts generated by the Random Forest and hybrid
models over the Ethereum test period. The Random Forest closely follows observed price
movements, reflecting its strong magnitude-prediction performance. The hybrid model
exhibits smoother dynamics that partially adapt to detected regime changes.

Model Predictions vs. Actual Price RMSE Comparison
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Figure 3. Random Forest and hybrid point forecasts on the ETH test period.
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Figure 4 presents a four-panel diagnostic summary for Ethereum, including the actual-
versus-predicted trajectories, RMSE and R? comparisons, and residual distributions for the
benchmark and hybrid models. Overall, the figure shows that the hybrid model tracks the
test series closely, while the error distributions remain comparable across models.

Hybrid Model: State-Specific Predictions Hybrid Model: MAE by Markov State
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Figure 4. Analysis of hybrid’s regime-specific performance.

4.3. Cross-Asset Comparative Analysis

Regime Persistence Comparison. Table 7 compares the estimated Markov persistence
properties and forecasting performance across Bitcoin and Ethereum under the leakage-free
evaluation protocol.

Table 7. Cross-asset comparison of Markov chain properties and model performance under the
leakage-free evaluation protocol. Bold indicates the best RMSE value per asset.

Asset Py Ppp 7] Tp RFRMSE Hybrid RMSE
Bitcoin 0.5162 0.4286 0.5415 0.4585 $1755.28 $1956.34
Ethereum  0.4738 0.4531 0.5096 0.4904 $150.11 $137.37

Interpretation: Bitcoin and Ethereum exhibit broadly similar but not identical regime
persistence patterns. Bitcoin’s average self-persistence, computed as the mean of Pj;
and Ppp, is 47.24 percent, while Ethereum’s is 46.35 percent. Bitcoin exhibits stronger
self-persistence in the increasing state, whereas Ethereum has a higher decreasing-state
self-transition probability. Despite these similarities, the models behave differently across
assets: the global Random Forest performs better for Bitcoin, while the hybrid achieves
lower RMSE for Ethereum. This suggests that regime persistence alone is not sufficient to
determine hybrid usefulness; the asymmetry of transitions and the extent to which a global
nonlinear model already captures the signal also matter.

5. Discussion

The cross-asset evidence suggests that the usefulness of regime conditioning depends
less on the mere presence of regime persistence and more on whether the predictive
mapping from lagged features to prices changes materially across regimes. In other words,
a hybrid architecture is most justified when the market exhibits regime-dependent nonlinear
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structure that a single global model cannot represent efficiently. This perspective helps
explain why the proposed framework does not deliver uniform gains across assets.

For Bitcoin, the results imply that regime labels derived from daily price changes add
limited incremental information once lagged OHLCV inputs are already available to a
global Random Forest. The similarity of the regime-specific model configurations indicates
that the conditional relationship between predictors and next-day price is broadly stable
across the two detected states. In such a setting, splitting the sample by regime may reduce
effective training information without creating enough structural specialisation to offset
that loss.

An important benchmark-design detail is that the persistence baseline is information
advantaged relative to the learned models. By construction, it forecasts p; = p;_; and
therefore has direct access to the lagged closing price, whereas the Random Forest and
hybrid architectures are deliberately denied p;_; in their feature sets to prevent trivial
autoregressive dependence. Consequently, the strong magnitude performance of the
persistence rule should be interpreted as a stronger-than-naive reference rather than as
evidence that the learned models are underperforming.

For Bitcoin, this asymmetry is particularly visible: the persistence baseline attains an
RMSE of $829.40, compared with $1755.28 for the Random Forest benchmark (Table 3). This
large gap primarily reflects the informational advantage of using the lagged closing price
itself, not a failure of the leakage-free learned models, so the fact that the Random Forest
and hybrid architectures remain competitive against such a favourable baseline understates
rather than overstates their practical value.

Ethereum presents a different forecasting environment. The distinct regime-specific
hyperparameters indicate that the increasing and decreasing states are associated with
different levels of nonlinear complexity and regularisation needs, which is consistent
with the idea that upward and downward market phases are generated by different local
dynamics. For this asset, the hybrid model appears to function not simply as a regime
classifier followed by two regressors, but as a mechanism for partitioning the forecasting
problem into more homogeneous subproblems.

A second implication concerns the difference between magnitude forecasting and
directional forecasting. Across both assets, the strongest improvements appear in error-
based metrics such as MAE and RMSE rather than in directional accuracy, which remains
close to chance even when magnitude performance improves. This suggests that the
proposed framework is better understood as a tool for refining conditional expectation
estimates than as a reliable mechanism for short-horizon market timing.

From a practical perspective, the results suggest that hybrid regime-switching models
should not be adopted as default forecasting architectures for cryptocurrency markets.
Their value appears to be conditional on observable evidence of regime-dependent predic-
tive structure, such as materially different regime-specific validation outcomes or clearly
differentiated model complexity across states. A useful modelling workflow is therefore to
treat regime conditioning as a testable design choice rather than as an assumption, and to
verify its value empirically on an asset-by-asset basis before deployment.

6. Limitations and Future Work

Several limitations should be acknowledged. First, regime identification is based on
simple daily price changes, which ensures transparency but may overlook more nuanced
intra-day dynamics or volatility driven regimes. Second, the analysis relies on a limited set
of OHLCV and temporal features, which, while effective, may not fully capture macroeco-
nomic effects, cross-asset spillovers, or order-flow information. Third, regime persistence is
estimated over fixed training periods and assumed stable during testing, an assumption
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that may not hold in rapidly evolving cryptocurrency markets. Future research could
extend this framework by incorporating richer feature sets such as technical indicators,
cross-asset signals, and on-chain metrics, as well as alternative regime definitions based
on volatility or volume dynamics. Additionally, adaptive or rolling regime estimation and
probabilistic regime assignment could improve robustness in environments with frequent
structural change. Finally, expanding the analysis to a broader universe of cryptocurrencies
would further clarify when regime-aware modelling provides consistent advantages and
when simpler global models are preferable.

7. Conclusions

This study proposes a hybrid regime-switching framework that integrates Markov
chain regime detection with asset-specific Random Forest regressors to enhance cryp-
tocurrency price forecasting. Empirical analysis of Bitcoin and Ethereum demonstrates
pronounced asset-dependent performance, with the hybrid model achieving superior mag-
nitude forecasting for Ethereum under squared loss, while for Bitcoin the global Random
Forest outperforms the hybrid, and the directional accuracy remains close to random chance
for both models under the leakage-free protocol.

Principal Contributions. The findings delineate three core insights: first, the efficacy
of regime conditioning derives principally from regime asymmetry rather than persis-
tence magnitude alone; second, Random Forests excel in magnitude-based metrics for
Bitcoin, whereas the hybrid yields superior magnitude forecasting for Ethereum when
regime-specific dynamics are structurally distinct; third, feature importance underscores
microstructural divergences, with Bitcoin exhibiting equilibrated OHLC contributions and
Ethereum prioritising intra-day extremes.

Implications and Extensions. This framework equips practitioners with diagnostics
for regime-utility assessment and informs researchers on reconciling directional versus
point forecasting objectives. Prospective extensions encompass on-chain metric integration
and dynamic regime adaptation amid market maturation.
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