
Forecasting cryptocurrencies in turbulent 
times: Evidence on parsimony versus model 

complexity

 Anna Tatarczak1  Oleksandra Humeniuk2

Abstract

This study examines short-term return forecasting for 
Bitcoin, Ethereum, and Litecoin over 2020–2024, compar-
ing autoregressive benchmarks with Kitchen Sink and VARX-
type models using point and density accuracy measures 
supported by Diebold–Mariano and Model Confidence Set 
inference. The results demonstrate that the AR(1) bench-
mark and parsimonious specifications incorporating cryp-
tocurrency-specific variables consistently outperform the 
more elaborate linear frameworks considered, while the 
inclusion of macro-financial predictors offers limited ben-
efits. Findings highlight the robustness of autoregressive 
dynamics for short-term cryptocurrency forecasting and 
underscore the importance of parsimony over model com-
plexity. These results are consistent with a market environ-
ment characterised by high structural uncertainty, senti-
ment-driven trading and rapidly shifting regimes, in which 
additional macro-financial information contributes little to 
forecastability beyond short-run return momentum and 
crypto-specific volatility.
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Introduction

The increasing popularity of cryptocurrencies has fundamentally reshaped 
financial markets by introducing decentralised, transparent, yet highly vola-
tile digital assets ( Arnone, 2024; Lipton, 2021; Wątorek et al., 2023). These 
characteristics challenge traditional frameworks of value, exchange, and fi-
nancial forecasting, making cryptocurrencies a focal point for both academic 
inquiry and investment practice. In this context, time series forecasting has 
become particularly important, as it provides tools for managing risk, de-
signing investment strategies, and understanding broader market dynamics. 
Cryptocurrency markets share many statistical properties with traditional fi-
nancial assets—including non-normal return distributions, volatility cluster-
ing, and non-linear dependence structures—while typically exhibiting these 
features with greater intensity and instability, particularly in terms of volatil-
ity levels and regime persistence (Bouchaud, 2020; Sewell, 2011). This insta-
bility is consistent with a market environment in which sentiment and disa-
greement dynamics in online discussions may contribute to future volatility, 
although the effect appears weaker for Bitcoin than for equities (Akarsu & 
Yilmaz, 2024). In addition, continuous 24/7 trading, evolving regulation, and 
rapid technological shifts further complicate modelling and forecasting efforts 
(Corbet et al., 2018; Zetzsche et al., 2017).

Since Bitcoin’s introduction (Nakamoto, 2008), the cryptocurrency eco-
system has expanded to include assets such as Ethereum and Litecoin, with 
features like smart contracts and faster transactions (Buterin, 2013), thereby 
increasing the demand for accurate short-term forecasting. Existing studies 
employ both univariate and multivariate approaches (Antar, 2025; Garay et al., 
2024), with mixed evidence on the benefits of incorporating macro-financial 
predictors (Campbell et al., 1997; Catania et al., 2018). Recent findings suggest 
that such variables often fail to improve short-horizon forecasts (Agarwal et 
al., 2024; Casarin et al., 2015; Conlon et al., 2021; Wronka, 2022), underscor-
ing an ongoing trade-off between model complexity and forecasting reliability.

Recent syntheses document rapid growth and thematic diversification in 
cryptocurrency research; however, they also highlight fragmentation and the 
lack of integrative short-horizon forecasting frameworks (Jalal et al., 2021; Yue 
et al., 2021). While sustainability-focused reviews extend the agenda toward 
ESG issues, they do not assess forecasting gains at daily horizons (Alqudah 
et al., 2023). At the same time, methodological surveys note the widespread 
adoption of deep learning models without systematic benchmarking against 
parsimonious time-series baselines using formal inference (J. Zhang et al., 
2024), leaving the incremental value of model complexity and external pre-
dictors unresolved. Motivated by these insights, this study examines short-
term forecastability as a reflection of underlying market mechanisms. Existing 
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empirical evidence shows that cryptocurrency prices are heavily influenced 
by sentiment, speculative trading, and regime-dependent market conditions 
rather than by slow-moving macroeconomic fundamentals (Jalal et al., 2025; 
Yue et al., 2021). At the same time, increasingly complex forecasting archi-
tectures have been adopted without clear evidence that they yield econom-
ically meaningful gains (C. Zhang et al., 2024). Against this backdrop, com-
paring parsimonious autoregressive benchmarks with multivariate and pre-
dictor-rich models can provide insight into whether short-term predictability 
is structurally constrained.

This study investigates the performance of several forecasting models—
both univariate and multivariate—for predicting short-term returns of Bitcoin 
(BTC), Ethereum (ETH), and Litecoin (LTC) over the 2020–2024 period. The 
2020–2024 sample deliberately covers an exceptionally turbulent phase as-
sociated with the COVID-19 pandemic, geopolitical tensions and the global 
inflation surge, which provides a natural stress test for forecasting models 
under extreme uncertainty. Rather than assuming that cryptocurrencies be-
have differently from other financial assets in such conditions, the paper ver-
ifies whether added model complexity offers predictive gains when even in-
stitutional macroeconomic forecasts perform poorly. Specifically, it compares 
benchmark autoregressive models with more complex approaches, including 
Kitchen Sink (KS) regression and Vector Autoregressive models with exoge-
nous variables (VARX). The empirical study investigates whether model com-
plexity improves short-horizon return and density forecasts relative to simple 
autoregressive benchmarks, and whether external predictors generate sta-
tistically significant gains in predictive accuracy. Model evaluation uses both 
point metrics—mean squared error (MSE), mean absolute error (MAE), and 
mean absolute deviation (MAD)—and probabilistic metrics, such as the Log 
Score (LS). Statistical significance of forecast improvements is assessed using 
the Diebold–Mariano test (Diebold & Mariano, 1995) and Model Confidence 
Set (Hansen et al., 2011) procedures. The contribution of this paper lies in its 
comparative analysis of forecasting models applied to cryptocurrency returns, 
using daily data spanning the period 2020–2024. The study assesses predictive 
accuracy under highly volatile and structurally unstable market conditions, 
comparing univariate and multivariate models from autoregressive bench-
marks to Kitchen Sink and VARX specifications. By contrasting crypto-specific 
dynamics with models incorporating macro-financial and volatility predictors, 
it evaluates the incremental value of exogenous information for short-term 
forecasting. Model performance is assessed using point and density meas-
ures (MSE, MAE, MAD, Log Score) with formal inference via Diebold–Mariano 
and Model Confidence Set procedures, providing a robust multidimensional 
evaluation of forecasting accuracy.

The rest of the paper is organised as follows: Section 1 is devoted to the lit-
erature review on cryptocurrency time series. Section 2 provides information 
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about data and methodology: data sources and processing, variable construc-
tion, model specifications, and the forecasting and evaluation design. In Section 
3, we present our empirical findings. Section 4 is devoted to the discussion of re-
sults and their implications. Section 5 discusses study limitations and avenues for 
future research. The last section comprises a critical summary and conclusions.

1. Literature review

Financial time series consist of sequential observations of asset prices and 
related indicators and are central to forecasting and risk management (Campbell 
et al., 1997; Fan & Yao, 2003; Taylor, 2008; Tsay, 2005). Their modelling is com-
plicated by stylised facts such as non-normal, heavy-tailed return distributions, 
excess kurtosis and skewness (Cont, 2001; Mandelbrot, 1963; Rachev et al., 
2005; Sewell, 2011), weak linear autocorrelation, and persistent volatility clus-
tering in squared or absolute returns (Bollerslev, 1986). Additional stylised facts 
include the leverage effect (Black, 1976; Christie, 1982), long memory in vola-
tility (Baillie et al., 1996; Mills & Markellos, 2008), and non-linear dependence 
structures (Granger & Teräsvirta, 1993; Hamilton, 1994), implying intrinsic un-
certainty in financial time series and motivating the use of advanced econo-
metric and machine learning approaches (Sezer et al., 2020; C. Zhang et al., 
2024). In cryptocurrency markets, this uncertainty is further reinforced by ev-
idence of time-varying efficiency and episodic return predictability, consistent 
with the adaptive market hypothesis (Karasiński, 2023). Traditional models such 
as ARIMA and GARCH remain central for modelling short-term dynamics and 
volatility (Sezer et al., 2020; C. Zhang et al., 2024), but their linear structure 
and restrictive assumptions limit their ability to capture non-linearities, heavy 
tails, and structural breaks (Sezer et al., 2020). These limitations are especially 
pronounced in cryptocurrency markets, which are decentralised (Nakamoto, 
2008), highly volatile and sentiment-driven (Bouoiyour et al., 2015), fragment-
ed across exchanges (Feng et al., 2018; Gandal & Halaburda, 2014), continu-
ously traded (Corbet et al., 2018), and subject to fragmented regulatory over-
sight (Zetzsche et al., 2017). Given these complexities, traditional economet-
ric models often underperform in cryptocurrency settings, motivating the use 
of machine learning methods such as ANNs and SVR to capture non-linear 
and high-dimensional dependencies (Jiang, 2021; L. Zhang et al., 2017). More 
recently, deep learning models have gained prominence due to their ability 
to jointly model linear and non-linear structures directly from data (Bengio, 
2012; Bouteska et al., 2024; Zhang et al., 2024). Architectures including LSTM, 
convolutional–recurrent models, and Transformers have demonstrated strong 
predictive performance in financial and cryptocurrency time series (Hu et al., 
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2021; C. Zhang et al., 2023), with LSTM remaining a standard benchmark and 
newer architectures offering greater flexibility at higher computational cost 
(Sezer et al., 2020; Zhang et al., 2023).

Recent bibliometric studies support this picture of a fragmented and meth-
odologically heterogeneous literature on cryptocurrencies. Yue et al. (2021) 
show that research on the economic effects of cryptocurrencies has evolved 
from early work on technological foundations and miner behaviour toward 
analyses of price formation, risk management, and the macroeconomic im-
plications of digital assets, but argue that the underlying transmission mech-
anisms and theoretical frameworks remain underdeveloped. Complementary 
evidence from Jalal et al. (2025) indicates that business and finance research 
is organised around four main streams—determinants of returns, market ef-
ficiency, (de)diversification and herding, and regulation and governance—yet 
many contributions rely on overlapping datasets and parallel empirical de-
signs, which limits cumulative progress and integrative assessments of fore-
casting performance. More recently, Alqudah et al. (2023) document a rapid 
expansion of work at the intersection of cryptocurrencies and ESG, highlighting 
concerns about environmental externalities, speculative trading, and the long-
term sustainability of digital assets as an investment class. At the same time, 
reviews of deep learning applications in financial forecasting emphasise that 
increasingly complex architectures—LSTMs, convolutional–recurrent hybrids, 
Transformers, and related models—have become the default choice for price 
prediction, even though their incremental benefits over simpler time-series 
benchmarks are not always systematically evaluated, especially with respect 
to economic interpretability and model risk (C. Zhang et al., 2024). These syn-
theses collectively suggest that a key unresolved issue is not only how to fore-
cast cryptocurrency prices, but whether forecast gains delivered by complex 
models are economically meaningful and theoretically consistent with the 
underlying market structure. In this context, linear time-series models retain 
an important role as benchmarks with well-understood statistical properties, 
against which the incremental value of more complex non-linear and deep 
learning architectures can be assessed.

2. Methodology and data

2.1. Dataset and model specification

The empirical analysis is based on daily data covering the period from 
1 January 2020 to 1 December 2024. This period is characterised by pronounced 
regime shifts and market-wide stress episodes, so the resulting forecasts should 
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be interpreted as conditional on a high-volatility, crisis-like environment rath-
er than as representative of more tranquil phases of cryptocurrency trading. 
The empirical strategy deliberately focuses on linear specifications (AR, VAR, 
VARX, KS), providing a consistent framework for formal forecast evaluation 
and serving as a reference point for future comparisons with non-linear and 
deep-learning models. Non-linear econometric specifications (such as TAR, STAR 
or Markov-switching models), volatility models (such as GARCH or stochastic 
volatility frameworks), and machine-learning or deep learning architectures 
(such as LSTM networks, transformers or ensemble models) are therefore in-
tentionally excluded from the empirical design in order to keep the benchmark 
coherent and econometrically tractable over the turbulent 2020–2024 peri-
od. The analysis focuses on Bitcoin (BTC), Ethereum (ETH), and Litecoin (LTC) 
because they represent the longest-standing and most liquid segments of the 
cryptocurrency market, ensuring reliable high-frequency data and reducing 
concerns regarding idiosyncratic exchange-specific noise. BTC and ETH jointly 
account for the majority of market capitalisation and trading volume, making 
them the dominant drivers of systemic crypto-asset dynamics. LTC, while small-
er, serves as a mid-cap asset with strong historical continuity, facilitating an 
assessment of whether forecasting performance generalises beyond the two 
flagship cryptocurrencies. Together, these three assets provide a balanced and 
representative sample of the cryptocurrency market. The dataset comprises 
time series for three leading cryptocurrencies—BTC, ETH, and LTC—alongside 
a range of macro-financial indicators that are used as potential predictors in 
the multivariate model configurations. All financial and macroeconomic data 
were retrieved from Investing.com, while additional background information 
on cryptocurrencies was sourced from CoinMarketCap.

While the analysis relies on spot market data from cryptocurrency exchang-
es, it is important to note that the investment landscape evolved substantially 
during 2021–2024 with the introduction and rapid expansion of exchange-trad-
ed products (ETFs/ETNs) tracking BTC and ETH on regulated exchanges such 
as XETR, XLON, XNAS, XNYS, and XWAR. These instruments attract a broader 
and more heterogeneous investor base and may follow distinct patterns in 
price discovery and volatility transmission. As they fall outside the scope of 
this study, the empirical results should be interpreted as reflecting the dynam-
ics of spot markets rather than the behaviour of regulated exchange-traded 
cryptocurrency products.

Cryptocurrency-specific variables include daily closing prices, high–low price 
spreads, and trading volumes. These were transformed to logarithmic returns 
to stabilise variance and approximate stationarity. Volatility proxies were con-
structed as the natural logarithm of the daily high–low spread. The macro-fi-
nancial variables incorporated into the analysis include the US 5-year credit 
default swap index (CDS_5y), the STOXX Europe 600 Index (ES_600), the Dow 
Jones US Gold Mining Index (GLD), the Nikkei 225 Index (NK225), the S&P 500 

12

http://Investing.com


A. Tatarczak, O. Humeniuk, Forecasting cryptocurrencies in turbulent times

Index (SP500), the Dow Jones Commodity Index – Silver Subcomponent (SV), 
and the CBOE Volatility Index (VIX). These indicators were selected to reflect 
global equity market conditions, credit risk perceptions, commodity market 
dynamics, and investor sentiment. To address non-stationarity, most of the fi-
nancial variables were transformed using the first difference of their logarithmic 
values. The selection of macro-financial predictors was guided by established 
categories that capture global risk sentiment (VIX), equity market conditions 
across major regions (S&P 500, STOXX Europe 600, Nikkei 225), commodity-re-
lated hedging channels (Gold Mining Index, Silver Subindex), and credit risk 
perceptions (US 5-year CDS). These variables are standard benchmarks in the 
short-horizon forecasting literature and serve to represent broad asset-class 
linkages without overwhelming the model with highly collinear predictors. 
Indicators such as NASDAQ, the US Dollar Index, interest rates or inflation 
measures were not included because they convey information that is strongly 
correlated with the equity and credit indices already present, increasing the 
risk of overfitting in daily-frequency models. Similarly, on-chain data (e.g., hash 
rate, transaction fees, miner revenue) were excluded to maintain a consistent 
daily sampling frequency and to ensure comparability across assets, but their 
incorporation presents a valuable extension for future research.

The forecasting framework comprises univariate and multivariate models. 
Univariate specifications include an AR(1) benchmark, a full Kitchen Sink (KS) 
regression with macro-financial and crypto-specific predictors, a reduced KS-
noregr model excluding macro-financial variables, and an Avg forecast com-
bining KS and KS-noregr. The multivariate set consists of a benchmark AR(1) 
estimated separately (M1), a VAR(3) capturing cross-asset dynamics (M2), 
a VAR with endogenous volatility proxies based on high–low spreads (M3), 
and a VARX(3) incorporating macro-financial variables as exogenous inputs 
(M4). All models are estimated using an expanding-window scheme to ap-
proximate real-time forecasting and limit overfitting.

2.2. Forecasting strategy and evaluation metrics

The analysis evaluates two types of forecasts: point forecasts, which es-
timate the conditional expectation of returns, and density forecasts, which 
provide the full predictive distribution. Forecasts are generated for one- to 
seven-day horizons (h = 1 to h = 7), and the performance of each model is as-
sessed using both point and density forecast accuracy measures.

Point forecasts are evaluated using the following metrics: mean squared 
error (MSE) measures the average squared difference between forecasted 
and actual returns. It penalises larger forecast errors more heavily due to 
squaring, which makes it particularly sensitive to outliers. Mean absolute de-
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viation (MAD) calculates the average absolute difference between forecasted 
and actual values. MAD also serves as an alternative to MSE due to its lower 
sensitivity to outliers. This metric provides a more robust evaluation by treat-
ing all forecast errors equally. The mean absolute error (MAE) calculates the 
average absolute difference between the predicted and the actual values, 
treating all errors equally regardless of their direction. A lower MAE value in-
dicates a more accurate forecasting model. In contrast to metrics such as the 
mean squared error (MSE), MAE is less sensitive to large individual errors and 
is thus more robust to the presence of outliers.

Density forecasts are assessed using the Log Score (LS). It measures how well 
the forecasted distribution assigns probability to the observed outcome. Given 
the heavy-tailed nature of cryptocurrency returns and the presence of extreme 
downside events, the evaluation framework is extended to include tail-sensi-
tive risk measures. In addition to symmetric loss functions and the Log Score, 
we compute one-sided left-tail Value at Risk (VaR) and Expected Shortfall (ES) 
at the 5% and 1% significance levels. Predictive distributions are approximated 
using the same parametric assumptions adopted for density forecasts, ensur-
ing internal consistency across evaluation criteria. VaR forecasts are assessed 
using unconditional and conditional coverage tests, while ES accuracy is eval-
uated on exceedance days. This extension allows the forecast comparison to 
explicitly account for downside risk characteristics that are central to cryptocur-
rency markets. To compare forecasting models statistically, the study employs 
two formal evaluation procedures. The Diebold–Mariano (DM) test (Diebold 
& Mariano, 1995) examines the null hypothesis of equal forecast accuracy be-
tween two competing models. This test is applied separately for MSE (point 
forecasts) and LS (density forecasts). The Model Confidence Set (MCS) proce-
dure (Hansen et al., 2011) identifies the subset of models that are statistically 
indistinguishable in performance at a given confidence level. The procedure 
iteratively removes the least accurate model until the null hypothesis of equal 
predictive accuracy can no longer be rejected. Together, these metrics and sta-
tistical tests provide a rigorous framework for evaluating model performance 
across both forecast horizons and evaluation dimensions.

3. Empirical results

3.1. Univariate forecast evaluation

This subsection assesses out-of-sample point forecast accuracy of four 
univariate models—AR(1), KS, KS-noregr, and Avg—applied to BTC, ETH, 
and LTC using an expanding window over horizons from h = 1 to h = 7. 
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Performance is evaluated using MSE, with AR(1) as the benchmark, KS in-
cluding all predictors, KS-noregr restricting attention to autoregressive and 
crypto-specific variables, and Avg combining KS and KS-noregr forecasts, 
allowing the incremental value of macro-financial information and model 
complexity to be assessed.

As shown in Table 1, the AR(1) benchmark performs robustly for Bitcoin 
and Ethereum across all horizons, while the full KS specification systemati-
cally underperforms, consistent with overfitting from noisy macro-financial 
predictors. In contrast, the parsimonious KS-noregr and Avg models dom-
inate KS and, particularly for Ethereum and Litecoin, often match or out-
perform AR(1). The Model Confidence Set applied to MSE excludes KS for 
all assets and retains AR(1), KS-noregr, and Avg, while Diebold–Mariano 
tests yield few significant differences but remain directionally consistent 
with these results.

Table 1. Mean squared error for univariate models (in %)

h 1 2 3 4 5 6 7

Bitcoin

AR1 6.11 6.02 6.01 6.01 6.03 6.03 6.04

KS 6.20 6.13 6.13 6.16 6.16 6.16 6.15

KS-noregr 6.12 6.07 6.09 6.08 6.10 6.07 6.12

Avg 6.12 6.07 6.09 6.08 6.10 6.07 6.12

Ethereum

AR1 7.78 7.62 7.60 7.62 7.64 7.66 7.68

KS 7.99 7.81 7.81 7.86 7.87 7.92 7.93

KS-noregr 7.77 7.62 7.58 7.64 7.63 7.68 7.67

Avg 7.77 7.62 7.58 7.64 7.63 7.68 7.67

Litecoin

AR1 10.91 10.53 10.48 10.51 10.53 10.55 10.57

KS 11.12 10.96 10.96 10.99 10.99 11.05 11.03

KS-noregr 10.79 10.65 10.50 10.55 10.47 10.54 10.47

Avg 10.78 10.65 10.50 10.55 10.47 10.54 10.47

Source: own work.

In addition to MSE, Table 2 presents the mean absolute deviation (MAD), 
which provides a complementary view of forecast accuracy. The results broad-
ly confirm the MSE findings: KS-noregr and Avg yield lower errors than KS, 
with particularly strong performance for Litecoin.
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Table 2. Mean absolute deviation over the forecast horizon (%)

h 1 2 3 4 5 6 7

Bitcoin

AR1 1.72 1.71 1.69 1.69 1.71 1.71 1.71

KS 1.75 1.74 1.73 1.74 1.74 1.74 1.74

KS-noregr 1.71 1.70 1.70 1.70 1.70 1.70 1.70

Avg 1.71 1.69 1.70 1.70 1.69 1.69 1.69

Ethereum

AR1 1.89 1.86 1.86 1.86 1.87 1.87 1.87

KS 1.93 1.91 1.91 1.92 1.92 1.93 1.93

KS-noregr 1.89 1.87 1.87 1.87 1.87 1.88 1.87

Avg 1.89 1.87 1.87 1.87 1.87 1.88 1.87

Litecoin

AR1 2.22 2.18 2.17 2.17 2.17 2.18 2.18

KS 2.24 2.22 2.21 2.22 2.22 2.23 2.22

KS-noregr 2.22 2.20 2.22 2.20 2.20 2.22 2.19

Avg 2.22 2.20 2.22 2.20 2.20 2.22 2.19

Source: own work.

Diebold–Mariano tests indicate that differences in point forecast accuracy 
are generally not statistically significant; the only significant improvement over 
AR(1) occurs for Litecoin at horizon h = 2 using the full KS model (p = 0.0439). 
Predictor relevance analysis shows consistent patterns across assets: ES600 is 
the most influential macro-financial predictor for Bitcoin and Ethereum, along-
side strong autoregressive spillovers—particularly from Bitcoin to Ethereum—
while Litecoin is primarily driven by lagged returns of Bitcoin and Ethereum, 
with a secondary role for the S&P 500. Rankings based on coefficient magni-
tude corroborate these findings, reinforcing the hierarchical structure of in-
fluence within the cryptocurrency market.

Turning to density forecasts, Table 3 reports the Log Score (LS) values for 
each univariate model. The KS model consistently achieves the lowest LS val-
ues for all three cryptocurrencies, suggesting superior probabilistic accuracy. 
These improvements, however, are not always confirmed as statistically sig-
nificant by the DM test.

The Model Confidence Set (MCS) procedure applied to Log Score losses 
yields a differentiated picture across assets. For Bitcoin, only the AR(1) bench-
mark remains in the superior set, confirming its robustness in probabilistic 
forecasting. In contrast, for Ethereum and Litecoin, the KS-noregr and Avg 
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specifications are retained, while the full KS model is consistently excluded 
due to its statistical instability. Taken together, these findings indicate that uni-
variate models centred on crypto-specific information—lagged returns and 
high–low volatility proxies—offer more reliable density forecasts than spec-
ifications that indiscriminately incorporate macro-financial variables, whose 
short-term predictive contribution appears limited.

To account for the heavy-tailed nature of cryptocurrency returns and the 
presence of extreme downside events, the forecast evaluation is extended 
to include tail-sensitive risk measures. Table 4 reports one-day-ahead Value 
at Risk (VaR) and Expected Shortfall (ES) backtesting results at the 5% and 1% 
significance levels for all univariate specifications. In line with the point and 
density forecast results, the AR(1) benchmark and the parsimonious KS-noregr 
model exhibit the most stable tail-risk performance across assets. Their em-
pirical exceedance rates are close to nominal levels, and both unconditional 
and conditional coverage tests generally fail to reject correct calibration. By 
contrast, the full Kitchen Sink (KS) specification displays weaker tail behaviour, 
particularly for Ethereum, where violations cluster over short horizons, lead-
ing to rejections of conditional coverage despite acceptable average accuracy. 
This indicates that the inclusion of broad macro-financial predictors may de-

Table 3. Log Score (LS) of univariate models over the forecast horizon

h 1 2 3 4 5 6 7

Bitcoin

AR1 837.31 837.88 835.95 833.34 830.52 828.25 825.53

KS 834.24 834.30 832.00 828.81 826.75 824.29 822.49

KS-noregr 836.92 836.14 833.28 831.36 828.43 826.93 823.13

Avg 836.92 836.14 833.28 831.36 828.43 826.93 823.13

Ethereum

AR1 792.84 794.53 792.92 790.13 787.48 784.95 782.20

KS 787.88 789.95 787.90 784.46 782.25 778.91 776.45

KS-noregr 793.12 794.53 793.40 789.81 787.85 784.48 782.51

Avg 793.12 794.53 793.40 789.81 787.85 784.48 782.51

Litecoin

AR1 730.83 735.28 734.14 731.79 729.34 726.92 724.68

KS 726.24 728.08 726.06 723.49 721.39 718.53 716.91

KS-noregr 732.94 733.33 733.83 730.95 730.28 727.10 726.38

Avg 732.94 733.33 733.82 730.95 730.28 727.10 726.38

Source: own work.
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teriorate tail-risk properties even when symmetric error metrics or Log Scores 
suggest comparable performance. Overall, tail-focused diagnostics reinforce 
the central finding of this study: parsimonious autoregressive structures and 
cryptocurrency-specific information deliver more robust short-term forecasts, 
not only in terms of average accuracy but also with respect to downside risk.

Table 4. VaR and ES backtesting results for one-day-ahead forecasts

Asset Model VaR 5% 
hit () CC p-value VaR 1% hit 

(%) CC p-value ES tail loss

BTC AR(1) 4.6 0.44 1.9 0.26 low

BTC KS 5.7 0.26 1.9 0.26 medium

BTC KS-noregr 4.6 0.44 1.9 0.26 low

ETH AR(1) 4.4 0.92 0.8 0.92 low

ETH KS 6.0 0.02 0.5 0.63 high

ETH KS-noregr 4.4 0.92 0.8 0.92 low

LTC AR(1) 4.1 0.75 1.4 0.75 low

LTC KS 4.4 0.43 1.4 0.75 medium

LTC KS-noregr 4.6 0.44 1.4 0.75 low

Source: own work.

3.2. Multivariate forecast evaluation

As shown in Tables 5 and 6, the benchmark AR(1) specification (M1) attains 
the lowest MSE and MAE at most horizons, while the VAR(3) model (M2) per-
forms similarly without systematic gains. Adding endogenous volatility proxies 
(M3) yields only marginal and statistically insignificant improvements at longer 
horizons, whereas the VARX(3) model with macro-financial predictors (M4) con-
sistently underperforms, particularly beyond h = 4, indicating limited short-term 
forecasting gains from cross-asset spillovers or macroeconomic information.

Table 5. Mean squared error for multivariate models (in %)

h 1 2 3 4 5 6 7

M1 5.58 6.45 7.25 8.16 9.44 11.00 13.71

M2 5.84 6.57 7.34 8.13 9.43 11.01 13.74

M3 6.11 8.84 7.90 8.35 9.55 11.02 13.72

M4 6.93 8.13 9.38 10.61 12.37 14.34 17.86

Source: own work.
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The Diebold–Mariano test for MSE does not yield statistically significant 
results. For the model comparisons, the null hypothesis of equal predictive 
accuracy between AR(1) and alternative specifications could not be rejected 
at the 5% significance level. The Model Confidence Set procedure indicates 
that M1 belongs to the Superior Set of Models at a 10% confidence level, us-
ing MSE as the loss metric. M2 and M3 occasionally join the set, particularly 
at short-term horizons. M4 is regularly eliminated due to its limited predic-
tive contribution in this setup.

Table 6. Mean absolute error for multivariate models (in %)

h 1 2 3 4 5 6 7

M1 1.43 1.59 1.74 1.87 2.06 2.27 2.73

M2 1.51 1.63 1.79 1.85 2.06 2.25 2.73

M3 1.63 1.98 1.99 1.96 2.13 2.27 2.73

M4 1.75 1.94 2.24 2.43 2.78 3.04 3.65

Source: own work.

Diebold–Mariano tests based on MAE confirm that M1 consistently out-
performs M4 across horizons, while horizon h = 7 yields no significant results 
due to limited observations. Simpler models (M1 and M2) provide more re-
liable short-term forecasts, and MCS results for MAE mirror those for MSE, 
with M1 and M2 retained in the superior set at the 10% level. Density fore-
cast results (Table 7) further show strong AR(1) performance in terms of Log 
Score; although M3 and M4 occasionally improve scores at longer horizons, 
these gains are modest and statistically insignificant.

Table 7. Log Score (LS) of multivariate models over the forecast horizon

h 1 2 3 4 5 6 7

M1 2.30 2.56 2.21 2.17 2.10 2.02 1.87

M2 1.83 1.82 1.81 1.80 1.78 1.76 1.72

M3 1.86 1.75 1.78 1.77 1.75 1.74 1.71

M4 1.80 1.81 1.80 1.77 1.76 1.75 1.72

Source: own work.

Table 8 provides a  breakdown of Log Scores for each cryptocurrency. 
Notably, Bitcoin consistently achieves higher predictive accuracy compared 
to Ethereum and Litecoin across all model specifications. The decline in Log 
Scores across forecast horizons reflects the increased difficulty of making 
longer-term predictions in volatile markets.
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Table 8. Log Score (LS) for multivariate models over the forecast horizon 
for each cryptocurrency

h 1 2 3 4 5 6 7

Bitcoin

M1 2.53 2.50 2.47 2.44 2.39 2.33 2.22

M2 1.98 1.98 1.96 1.95 1.94 1.92 1.89

M3 2.05 1.93 1.92 1.91 1.91 1.91 1.88

M4 1.95 1.96 1.95 1.92 1.93 1.92 1.89

Ethereum

M1 2.26 2.21 2.17 2.12 2.05 1.94 1.79

M2 1.79 1.79 1.78 1.77 1.75 1.72 1.68

M3 1.86 1.69 1.75 1.75 1.73 1.71 1.68

M4 1.77 1.77 1.77 1.73 1.73 1.71 1.69

Litecoin

M1 2.17 2.05 2.00 1.94 1.86 1.76 1.61

M2 1.72 1.70 1.68 1.67 1.65 1.62 1.58

M3 1.66 1.62 1.64 1.64 1.62 1.61 1.57

M4 1.69 1.69 1.68 1.65 1.64 1.63 1.58

Source: own work.

The Diebold–Mariano test results at the 5% significance level point out that 
the M1 consistently exhibits statistically superior predictive performance com-
pared to the other models across short to medium forecast horizons (h1–h5). 
At longer forecast horizons (h6–h7), however, the model’s predictive accuracy 
differences become statistically insignificant, suggesting an increase in fore-
cast uncertainty. Detailed Diebold–Mariano test p-values for pairwise model 
comparisons across horizons and loss functions are reported in Appendix A.

The Model Confidence Set analysis also confirmed that only AR(1) con-
sistently provided superior predictive accuracy across Bitcoin, Ethereum, and 
Litecoin returns. More complex models, such as VAR and VARX, were elim-
inated from the superior set at a 10% significance level, indicating that ad-
ditional variables or model complexity did not yield better forecast perfor-
mance in this application.

Figure 1 illustrates the cumulative Log Score differences for each model 
relative to the AR(1) benchmark. Positive values indicate better performance. 
M2 and M3 show minor gains at longer horizons, but M1 remains dominant 
across most horizons.

The analysis of cumulative adjusted Log Scores indicates that the base-
line model M1 consistently outperforms its competitors across all forecast 
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Figure 1. Cumulative Log Score visualisation

Source: own work.
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horizons, showing the most significant lead at shorter horizons. In contrast, 
models M2 and M3 exhibit lower predictive accuracy, especially for short-
term forecasts. Model M4 shows some competitiveness at medium horizons 
but does not consistently surpass M1. As the forecast horizons extend, the 
errors increase, and the performance gaps between models narrow, though 
M1 still retains a slight edge.

4. Discussion

The dominance of the AR(1) benchmark and closely related crypto-specific 
linear specifications aligns with economic evidence suggesting that short-hori-
zon cryptocurrency returns are driven primarily by sentiment, momentum, 
and market microstructure rather than by macro-financial fundamentals. 
Bibliometric studies indicate that speculative behaviour, attention cycles and 
regime shifts play a central role in shaping price dynamics (Jalal et al., 2025; 
Yue et al., 2021). In such environments, additional predictors often introduce 
noise rather than signal, limiting the gains from complex multivariate struc-
tures. The weak and unstable contribution of macro variables is consistent with 
findings that cryptocurrencies exhibit low and highly time-varying integration 
with traditional financial assets, particularly during stress periods (Alqudah et 
al., 2023), including pandemic-related episodes, in which the safe-haven and 
diversification properties of cryptocurrencies appear regime-dependent and 
unstable (Barbu et al., 2022). Deep learning reviews also note that model so-
phistication cannot fully overcome structural instability and noisy patterns at 
daily frequencies (J. Zhang et al., 2024). Together, these mechanisms provide 
an economic interpretation for the strong performance of parsimonious lin-
ear specifications observed in this study. The limited contribution of macro-fi-
nancial variables in our setting should not be interpreted as evidence of their 
irrelevance, but rather as a reflection of the low signal-to-noise ratio at daily 
horizons and the strong collinearity among global risk and equity indicators. 
More granular predictors—such as on-chain activity measures—may capture 
additional structure, but incorporating them requires a dedicated modelling 
framework beyond the scope of the present benchmark study.

From the perspective of the current forecasting frontier, non-linear and 
deep learning approaches are natural candidates to capture residual non-lin-
earities and complex interactions that lie beyond linear dynamics. In this study, 
however, we treat linear models as economically interpretable benchmarks 
under stress conditions, so that subsequent work can evaluate whether ad-
ditional complexity in non-linear or deep learning frameworks delivers sta-
ble and economically meaningful gains over these baselines. Accordingly, the 
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contribution of this paper lies in establishing a rigorous post-2020 benchmark 
for linear time-series models rather than proposing a new state-of-the-art 
non-linear forecasting architecture.

The results should not be interpreted as evidence that cryptocurrency mar-
kets were more forecastable than other assets during this turbulent period. 
The small and often insignificant performance differentials between models 
mirror the widespread forecasting failures observed in institutional macro-
economic and financial projections, and indicate that, under such conditions, 
added econometric complexity yields no meaningful gains over parsimonious 
autoregressive benchmarks.

The empirical results indicate that parsimonious models based on autore-
gressive dynamics and crypto-specific indicators outperform more complex 
specifications at short horizons. The AR(1) model exhibits stable performance 
across all assets, while the full Kitchen Sink (KS) specification suffers from 
overfitting, particularly for Bitcoin and Ethereum. By contrast, the reduced 
KS‑noregr model performs comparably to or better than AR(1) in both point 
and density forecasts. These findings are consistent with Campbell et al. (1997) 
and Catania et al. (2018), who document the limited short-term forecasting 
gains from macro-financial predictors.

The multivariate results confirm the dominance of the AR(1) benchmark, 
which consistently matches or outperforms VAR and VARX models across ho-
rizons. Gains from adding volatility proxies or macro-financial variables are 
generally marginal and statistically insignificant; while the VAR with high–low 
spreads (M3) shows occasional improvements at medium horizons, the VARX 
specification (M4) underperforms. These findings are consistent with Casarin 
et al. (2015) and Corbet et al. (2018), who document the horizon-depend-
ent and often weak short-run predictive contributions of external financial 
information.

Probabilistic evaluation using the Log Score shows that while the KS mod-
el occasionally improves density forecasts—particularly for Ethereum—these 
gains are rarely statistically significant and are not confirmed by the Model 
Confidence Set, whereas AR(1) is consistently retained in the superior set. This 
robustness of simple autoregressive models is consistent with the findings 
of Adhikari and Agrawal (2014), especially in noisy financial environments.

These results are consistent with prior evidence emphasising the impor-
tance of parsimony and domain-specific model design in financial forecasting 
(Mills & Markellos, 2008; Sezer et al., 2020). In highly volatile and structur-
ally unstable cryptocurrency markets (Bouoiyour et al., 2015; Sewell, 2011), 
complex models with noisy external predictors may reduce short-term accu-
racy, while the relevance of macro-financial variables is likely horizon- and tar-
get-dependent. This interpretation aligns with Baillie et al. (1996) and Jiang 
(2021), who show that non-linear and long-memory effects are more effec-
tively captured over longer samples or for alternative targets such as volatil-
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ity. Moreover, the limited gains from macro-financial variables in this study 
should be interpreted in light of the increasingly time-varying and regime-de-
pendent integration of cryptocurrency markets with traditional financial sys-
tems. Recent evidence indicates that, particularly since 2020, cryptocurren-
cies have become more strongly correlated with major equity indices—espe-
cially technology stocks—and US macroeconomic conditions, although this 
integration remains unstable and horizon-dependent (Wątorek et al., 2023).

5. Limitations and avenues for further research

This study has several limitations that should be considered when inter-
preting the results. Firstly, the analysis is restricted to three major crypto-
currencies—Bitcoin, Ethereum, and Litecoin—over the period 2020–2024. 
The findings may therefore not generalisable to smaller tokens, stablecoins, 
or other digital assets with different market structures and liquidity condi-
tions. Secondly, the dataset coincides with major regime shifts, including the 
COVID-19 aftermath, geopolitical tensions and the global inflation surge, which 
may have introduced structural breaks that the expanding-window approach 
does not fully capture. Since the study does not include a comparison with 
the more tranquil pre-2020 period (e.g., 2015–2019), we cannot formally as-
sess whether the dominance of parsimonious models persists across differ-
ent volatility regimes. Thirdly, the use of aggregated data sources may involve 
measurement errors. In particular, mismatches between continuous crypto-
currency trading and macro-financial indicators with business-day frequency 
could lead to timing inconsistencies. The analysis does not incorporate reg-
ulated exchange-traded products (ETFs/ETNs) that have emerged as major 
investment vehicles for BTC and ETH since 2021. Because these instruments 
may differ from spot markets in terms of volatility transmission, liquidity and 
investor composition, the generalisability of the results to the ETF/ETN seg-
ment is inherently limited. Fourthly, the study evaluates only linear and rela-
tively simple models (AR(1), VAR, VARX, KS). Within this set, the autoregressive 
benchmark is restricted to an AR(1) specification; more flexible but still par-
simonious time-series models such as AR(p), ARIMA, HAR-RV or GARCH-type 
frameworks are not explored. This restriction is deliberate: the objective is to 
establish a well-understood linear benchmark for the turbulent 2020–2024 
period rather than to propose a new state-of-the-art forecasting architecture. 

Consequently, the conclusion that the AR(1) benchmark outperforms 
more complex specifications should be interpreted as conditional on the re-
stricted class of models considered here, and future research should assess 
whether alternative low-dimensional autoregressive or volatility models can 
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match or surpass this baseline. Fifthly, forecasts are based on daily data and 
do not account for intraday patterns, transaction costs, or exchange hetero-
geneity, which limits their practical applicability to trading strategies. Sixthly, 
the forecasting horizons examined in this study are deliberately restricted to 
short-term windows (1–7 days). While this design is appropriate for evaluat-
ing high-frequency return predictability, it may limit the ability of multivariate 
and VARX-type models to demonstrate their strengths. Macro-financial vari-
ables typically operate through slower transmission channels and may exert 
influence over medium- or long-term horizons rather than at daily frequen-
cies. As a result, the finding that macroeconomic predictors provide limited 
incremental value should be interpreted as conditional on these short hori-
zons and not more broadly as evidence of their irrelevance. Extending the 
analysis to multi-week or multi-month horizons would allow future research 
to assess whether the predictive contribution of macro-financial information 
increases when the forecast window aligns more closely with the underlying 
economic adjustment dynamics. Finally, the reliance on standard evaluation 
metrics may inadequately reflect tail risk and economic significance; accord-
ingly, the findings should be regarded as indicative rather than conclusive.

Conclusions

This study assesses the short-term forecasting performance of univariate 
and multivariate time series models for daily returns of Bitcoin, Ethereum, and 
Litecoin over 2020–2024, comparing autoregressive benchmarks with more 
complex specifications using standard point and density evaluation metrics 
supported by formal statistical inference. The findings lead to some conclu-
sions. Firstly, the AR(1) specification provides a well-performing baseline for 
cryptocurrency return forecasting within the linear model class considered. 
Their consistent inclusion in the superior model sets across assets and hori-
zons underscores their robustness, particularly at short horizons. Secondly, 
incorporating cryptocurrency-specific variables—especially lagged returns 
and high–low volatility spreads—yields modest but tangible improvements 
in forecast accuracy. The reduced Kitchen Sink model (KS-noregr), which fo-
cuses on these domain-relevant predictors, frequently outperformed more 
elaborate specifications, especially for Ethereum and Litecoin. Thirdly, com-
plex multivariate models that integrate macro-financial variables (e.g., VARX) 
did not systematically enhance forecast accuracy. In several cases, the inclu-
sion of exogenous predictors reduced predictive performance, reflecting is-
sues of overfitting and the limited short-term relevance of macroeconomic 
signals for cryptocurrency prices. These results are consistent with prior re-
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search indicating that digital asset returns are driven more by endogenous 
momentum and speculative trading than by traditional financial indicators 
in the short run (Bouoiyour et al., 2015; Conlon et al., 2021; Corbet et al., 
2018). Fourthly, density forecasts highlighted some advantages of the full KS 
model, particularly for Ethereum, but these gains were inconsistent and of-
ten lacked statistical significance. By contrast, the AR(1) model demonstrated 
stable performance across both point and density evaluations, reinforcing the 
value of parsimonious structures. Overall, within the turbulent post-2020 en-
vironment analysed here and within the set of linear models considered, the 
evidence suggests that parsimony combined with careful variable selection 
is more effective for short-term cryptocurrency forecasting than additional 
model complexity. While non-linear and machine learning models may offer 
gains over longer horizons or alternative targets (e.g., volatility or tail risk), 
the results confirm the practical relevance of autoregressive dynamics and 
crypto-specific features. The study provides a unified benchmarking of parsi-
monious autoregressive baselines against kitchen-sink and VAR/VARX models 
using formal inference (Diebold–Mariano; Model Confidence Set), clarifying 
the incremental value of crypto-specific versus macro-financial predictors. 
Consistent with recent reviews (Jalal et al., 2025; Yue et al., 2021; C. Zhang 
et al., 2024), the evidence shows that parsimony dominates at daily horizons, 
establishing transparent and economically interpretable benchmark models 
and motivating future extensions using high-frequency, on-chain, and non-lin-
ear or ensemble frameworks.

From a practical perspective, the findings suggest that parsimonious au-
toregressive and crypto-specific models account for well-performing tools 
for short-term forecasting and risk management, while the limited short-run 
predictive role of macro-financial variables implies that regulatory risk as-
sessments should focus more on market microstructure, speculative behav-
iour, and crypto-specific volatility dynamics than on broad macroeconomic 
indicators.
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Appendix

Table A1. Mean Squared Error (MSE)

Asset Horizon AR(1) vs KS AR(1) vs 
KS-noregr AR(1) vs Avg

BTC h = 1 0.4321 0.6814 0.5178

BTC h = 3 0.0847 0.2941 0.1736

BTC h = 7 0.0632 0.2119 0.0915

ETH h = 1 0.3884 0.7442 0.6017

ETH h = 3 0.0173 0.5628 0.0419

ETH h = 7 0.0191 0.4896 0.0384

LTC h = 1 0.5176 0.8092 0.6931

LTC h = 3 0.1412 0.6034 0.2289

LTC h = 7 0.0924 0.4187 0.1561

Source: own work.

Table A2. Log Score (LS)

Asset Horizon AR(1) vs KS AR(1) vs 
KS-noregr AR(1) vs Avg

BTC h = 1 0.4762 0.7028 0.6115

BTC h = 3 0.0819 0.3314 0.0976

BTC h = 7 0.0687 0.2885 0.0894

ETH h = 1 0.4027 0.7619 0.5842

ETH h = 3 0.0236 0.5941 0.0498

ETH h = 7 0.0214 0.5237 0.0441

LTC h = 1 0.5381 0.8124 0.7016

LTC h = 3 0.1597 0.6472 0.2443

LTC h = 7 0.0886 0.4593 0.1698

Source: own work.
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