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Abstract

Accurate cryptocurrency price forecasting represents an important yet challenging prob-
lem in financial time-series analysis due to the highly volatile, nonlinear, and noise-
sensitive nature of digital asset markets. Although transformer-based architectures
have recently demonstrated strong capabilities in temporal sequence modeling, their
behavior under high-frequency cryptocurrency dynamics and the role of explainability-
guided feature refinement remain insufficiently explored. To address this gap, this study
presents a comprehensive transformer-based forecasting framework for hourly cryptocur-
rency price prediction and investigates the impact of explainability-guided feature opti-
mization on forecasting performance, robustness, and interpretability. Five transformer
architectures—Vanilla Transformer, Informer, Autoformer, Reformer, and Temporal Fu-
sion Transformer (TFT)—are systematically evaluated across five major cryptocurrency
assets: Bitcoin (BTC), Ethereum (ETH), Solana (SOL), Dogecoin (DOGE), and Ripple (XRP).
The experimental framework employs Open, High, Low, Close, and Volume (OHLCV)
data together with a broad set of engineered technical indicators and evaluates model
performance using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean
Squared Error (MSE), Mean Absolute Percentage Error (MAPE), and the coefficient of deter-
mination (R2). To improve interpretability and reduce feature redundancy, SHAP (SHapley
Additive exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) are
integrated directly into the forecasting pipeline. Based on the resulting explanations, asset-
specific feature subsets are constructed, and all models are subsequently retrained using
the refined feature representations. The results show that explainability-guided feature
refinement provides compact, model-aware, and interpretable feature subsets with compet-
itive forecasting performance; however, its effect on prediction accuracy is dependent on
the cryptocurrency asset, transformer architecture, retained feature subset size, and market
conditions. Additional robustness, sensitivity, alternative feature-selection, and statistical
significance analyses indicate that the SHAP–LIME Top-15 subset should be interpreted
as a conservative dimensionality-reduction strategy rather than a universally optimal
feature-selection rule. The findings further reveal that transformer architectures incorporat-
ing sparse attention, decomposition mechanisms, or gating structures generally provide
stronger performance than the Vanilla Transformer under highly volatile hourly market
conditions. Overall, the proposed framework demonstrates that combining transformer-
based forecasting with explainability-guided feature refinement can support interpretable
and parsimonious high-frequency financial time-series modeling, while highlighting the
importance of evaluating robustness, feature-selection sensitivity, and statistical variability
alongside average forecasting errors.
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1. Introduction
Cryptocurrencies have become an established component of the global financial land-

scape, providing decentralized, transparent, and programmable alternatives to conven-
tional financial systems. Bitcoin (BTC), Ethereum (ETH), Solana (SOL), Dogecoin (DOGE),
and Ripple (XRP) are among the most widely traded digital assets, attracting increasing
interest from both researchers and investors. Despite this growing relevance, forecasting
cryptocurrency prices remains a demanding problem due to their high volatility, nonlinear
market behavior, and sensitivity to speculative and macroeconomic factors [1]. Accurate
forecasting is therefore of considerable importance for financial market analysis, risk as-
sessment, and data-driven decision making, while remaining one of the most challenging
problems in financial time-series prediction.

From a financial modeling perspective, the increasing availability of high-frequency
market data has created new opportunities for machine learning methods to complement
conventional econometric approaches. Financial markets, and cryptocurrency markets in
particular, exhibit complex temporal dependencies, volatility clustering, regime changes,
and nonlinear interactions that may be difficult to represent using predefined statistical
assumptions. Machine learning provides an alternative data-driven framework in which
such relationships can be learned directly from historical observations. This capability is
particularly relevant for cryptocurrency markets, where rapidly changing market conditions
and heterogeneous asset dynamics require forecasting models that can adapt to complex
and nonstationary temporal structures.

Traditional statistical models, such as the Autoregressive Integrated Moving Average
(ARIMA) and Generalized Autoregressive Conditional Heteroskedasticity (GARCH) frame-
works, have been widely applied to financial forecasting [2,3]. While these methods can
capture short-term temporal correlations and volatility clustering, they rely on relatively
restrictive assumptions and may struggle to model the complex nonlinear dynamics typical
of cryptocurrency markets. As a result, their predictive performance can degrade under
rapidly shifting regimes and nonstationary conditions.

Deep learning techniques have been proposed to overcome these shortcomings by
learning nonlinear temporal dependencies directly from data. Models based on Recurrent
Neural Networks (RNNs), Long Short-Term Memory (LSTM), and Gated Recurrent Units
(GRUs) have demonstrated improved accuracy for sequential data [4–6]. However, these
architectures remain constrained by sequential computation, limited capacity for long-range
dependency modeling, and sensitivity to vanishing gradient problems [7]. Such limitations
become more pronounced in high-frequency cryptocurrency markets, where temporal
dependencies can span extended horizons and market behavior may shift abruptly.

In recent years, transformer-based architectures have shown strong potential for sequence
modeling by employing attention mechanisms to capture global temporal dependencies
efficiently [8]. Unlike recurrent models, transformers process entire input sequences in parallel,
allowing them to model both local and long-term patterns more effectively. Their success in
diverse domains—including natural language processing, energy demand forecasting, and
weather prediction—has encouraged their adaptation to financial time-series analysis [9–12].
For financial applications, transformer architectures are particularly attractive because their
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attention mechanisms can capture dependencies across extended temporal horizons while
accommodating high-dimensional sets of market-derived predictors.

However, several important limitations remain in the existing literature on transformer-
based cryptocurrency forecasting. First, many studies focus on a single architecture, asset,
or temporal resolution, limiting the extent to which conclusions can be generalized across
heterogeneous digital assets. Second, comparative analyses examining how different
transformer mechanisms behave under volatile and nonlinear market conditions remain
relatively scarce. Third, although predictive accuracy is central to financial forecasting, the
increasing complexity of deep learning models raises concerns regarding interpretability
and the identification of market variables that drive model predictions. Finally, the integra-
tion of explainability-driven feature refinement within transformer-based cryptocurrency
forecasting pipelines remains largely unexplored. Addressing these issues is particularly
important for financial applications, where predictive performance and transparency are
both relevant to the practical interpretation and use of model outputs.

To address these gaps, the present study conducts a comprehensive comparative anal-
ysis of transformer-based deep learning frameworks for high-resolution (hourly) cryptocur-
rency price forecasting. The objective is twofold: first, to examine how advanced temporal
architectures perform under volatile and nonlinear market conditions; and second, to estab-
lish a unified and reproducible experimental protocol for evaluating forecasting accuracy,
robustness, and generalization. The analysis covers five leading cryptocurrencies—BTC,
ETH, SOL, DOGE, and XRP—using standardized data preprocessing, feature engineering,
and hyperparameter optimization. The models are evaluated using widely accepted fore-
casting metrics, including Mean Absolute Error (MAE), Root Mean Squared Error (RMSE),
Mean Absolute Percentage Error (MAPE), and R2, supplemented by explainability-driven
feature analyses using SHAP and LIME. Importantly, explainability is incorporated not only
as a post hoc interpretation mechanism but also as an active component of the forecasting
pipeline, where the resulting feature-importance information is used to refine the predictor
space and retrain the forecasting models.

It should be noted that the experimental scope of this study is intentionally restricted
to transformer-based forecasting architectures. Classical econometric models such as
ARIMA and GARCH, as well as recurrent deep learning models such as LSTM and GRU,
are discussed in the related literature to position the study within the broader financial
forecasting landscape and to motivate the transition toward attention-based architectures.
However, the primary objective of this work is not to establish a universal benchmark across
all forecasting families but to conduct a controlled intra-family comparison of transformer
variants and to evaluate the effect of SHAP–LIME-guided feature refinement under a
unified experimental protocol.

The contributions of this work are summarized as follows:

• This study proposes an explainability-guided transformer forecasting framework in
which SHAP and LIME are integrated directly into the learning pipeline to guide
feature refinement before model retraining.

• The proposed framework is systematically evaluated using five transformer archi-
tectures (Vanilla Transformer, Informer, Autoformer, Reformer, and TFT) across five
major cryptocurrencies under a unified experimental protocol.

• SHAP and LIME analyses are integrated directly into the forecasting pipeline to
identify the most influential market-derived predictors and reduce feature redundancy
through explainability-guided feature refinement.

• The study systematically compares forecasting performance before and after XAI-
driven feature optimization and further evaluates the resulting feature subsets through
robustness, sensitivity, alternative feature-selection, and statistical significance analy-
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ses. The results show that explainability-based feature selection can provide compact
and interpretable feature representations with competitive forecasting performance,
while its effect remains model- and asset dependent.

• The findings provide insights into how different transformer architectures respond
to heterogeneous temporal and volatility characteristics across cryptocurrency assets,
while demonstrating the potential of interpretable machine learning for high-frequency
financial time-series analysis and data-driven financial decision-support applications.

The remainder of this paper is organized as follows. Section 2 reviews related stud-
ies on cryptocurrency forecasting and transformer-based financial time-series modeling.
Section 3 presents the transformer architectures considered in the study. Section 4 describes
the proposed forecasting framework, including data collection, preprocessing, feature
engineering, and experimental configuration. Section 5 reports the experimental results
and explainability-guided feature refinement analysis. Section 6 discusses the findings and
their implications for financial time-series modeling. Section 7 presents the limitations and
future research directions, and Section 8 concludes the paper.

2. Related Work
Research on cryptocurrency forecasting lies at the intersection of financial economet-

rics, machine learning, and high-frequency time-series analysis. The existing literature can
broadly be organized into three streams: (i) classical econometric modeling of returns and
volatility; (ii) neural time-series models that learn nonlinear market dynamics directly from
data; and (iii) attention-based transformer architectures designed to capture long-range
temporal dependencies and multi-horizon relationships. These approaches differ in their
assumptions regarding market structure, their ability to represent regime changes and
volatility clustering, and their scalability to high-frequency financial data. The following
subsections review these streams with particular emphasis on their relevance to machine
learning-based financial forecasting across multiple cryptocurrency assets.

2.1. Traditional Time-Series Approaches

Traditional econometric models remain central to the quantitative analysis of cryp-
tocurrency returns, volatility, and financial risk. Methods from the ARIMA and GARCH
families are widely used because of their interpretability and well-established statistical
foundations, although their ability to represent nonlinear and nonstationary digital-asset
dynamics is often limited.

Wu et al. [13] provide a detailed comparison of GARCH and Heterogeneous Autore-
gressive (HAR) models for Bitcoin volatility forecasting. Their results indicate that the
forecasting performance of each model depends heavily on the chosen evaluation horizon
and realized-volatility proxy, and they demonstrate that HAR specifications can sometimes
outperform GARCH during highly volatile periods.

Bergsli et al. [14] propose a dynamic GARCH re-estimation framework in which model
parameters are frequently updated to reflect rapidly changing market structures. Their
experiments show that frequent recalibration reduces forecast degradation during turbulent
phases, thereby enhancing robustness without substantial computational burden.

Ünlü and Bayram [15] conduct a cross-sectional study comparing stochastic volatility
(SV) and GARCH-family models across nine large-cap cryptocurrencies. They find that
Bayesian SV models provide more accurate forecasts during periods of extreme volatility,
while GARCH performs competitively under moderate market conditions, suggesting that
model choice should depend on the prevailing volatility regime.

Sözen [16] applies a Markov-Switching GARCH (MS-GARCH) framework to Value-at-
Risk estimation for multiple cryptocurrencies. The study reveals that accounting for regime
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changes significantly improves tail-risk predictions and highlights that the inclusion of
time-varying transition probabilities enhances sensitivity to market shocks.

Gherghina and Constantinescu [17] explore the effects of rolling-window lengths in
MS-GARCH volatility modeling. Their findings show that the choice of window size
has less impact on predictive stability than the correct specification of regime transitions,
emphasizing the need to capture regime persistence rather than simply extending the
estimation horizon.

Zahid et al. [18] integrate jump components into GARCH specifications to evaluate the
role of discontinuities in Bitcoin volatility. Their results demonstrate that jump-augmented
models achieve higher predictive accuracy than traditional GARCH, confirming that sud-
den price jumps are a key determinant of volatility in crypto assets.

Guirguis [19] implements an ARIMA model for daily Bitcoin price forecasting, carefully
diagnosing residuals and differencing orders. Although the ARIMA approach performs well
over short horizons, its accuracy deteriorates when the series exhibits structural breaks or
long memory, reaffirming the limitations of linear models in cryptocurrency forecasting.

Teker et al. [20] perform a comparative assessment of several GARCH-family
models—including EGARCH, TGARCH, and CGARCH—across major cryptocurrencies
such as Bitcoin, Ethereum, and Binance Coin. Their findings show that models accounting
for asymmetric shocks provide superior fit during downturns, while component-GARCH
formulations capture long-term volatility persistence.

PhungDuy et al. [21] investigate GARCH and EGARCH models within a unified
experimental setup that includes both cryptocurrency and equity data. They observe that
EGARCH consistently outperforms GARCH during high-volatility phases, underscoring
the value of capturing asymmetry and leverage effects in financial risk modeling.

Finally, Ustaoğlu [22] extends a Heterogeneous Autoregressive (HAR) model by in-
corporating news sentiment data for multiple cryptocurrencies. The study shows that
including textual sentiment features enhances the accuracy of short-horizon volatility
forecasts, demonstrating how exogenous information can complement conventional econo-
metric signals in high-frequency financial modeling.

Overall, these studies demonstrate the continued value of econometric approaches
for modeling volatility, risk, and regime behavior. At the same time, their dependence
on predefined functional structures motivates the use of more flexible machine learning
methods capable of learning nonlinear and high-dimensional relationships directly from
financial market data.

2.2. Deep Learning and Neural Architectures

Deep learning approaches have gained widespread attention in cryptocurrency fore-
casting because of their ability to model nonlinear relationships, temporal dependencies,
and high-dimensional covariates with fewer restrictive assumptions about the underlying
data-generating process. Recurrent architectures, convolutional hybrids, and attention-
augmented variants have therefore been explored as data-driven alternatives to conven-
tional econometric models for financial time-series prediction.

Bouteska et al. [23] conduct a comprehensive comparative analysis of deep learning
and ensemble methods for cryptocurrency price prediction. Their findings show that
LSTM-based architectures consistently outperform ensemble machine learning models
in capturing temporal correlations, particularly during high-volatility phases. The study
highlights that deep architectures are more resilient to structural breaks than traditional
econometric baselines.

Qureshi et al. [24] evaluate a suite of neural networks—MLP, LSTM, GRU, and
CNN—on diverse financial datasets, including cryptocurrencies. Their results demon-

https://doi.org/10.3390/math14183402

https://doi.org/10.3390/math14183402


Mathematics 2026, 14, 3402 6 of 32

strate that recurrent architectures outperform feed-forward and tree-based baselines, with
GRU showing faster convergence and better generalization on small samples. They also
emphasize the need for hyperparameter tuning and rolling validation to ensure robustness
across time windows.

Kaur et al. [25] develop a comparative deep learning framework using LSTM and GRU
models for forecasting Bitcoin, Ethereum, and Litecoin. They report that GRU achieves
comparable or superior accuracy with lower training time, confirming its suitability for
large-scale, high-frequency financial data. The study also explores architecture depth and
optimizer sensitivity, providing practical tuning guidelines.

Rodrigues and Machado [26] focus on high-frequency cryptocurrency data, employing
LSTM models with varying input windows and feature sets. Their experiments indicate
that short input windows (6–12 h) yield the most stable predictions, while longer horizons
amplify noise and error accumulation. The results underline the importance of horizon-
specific optimization in high-resolution financial forecasting.

Peng et al. [27] propose an attention-based CNN-LSTM hybrid that jointly learns
spatial and temporal representations from multi-cryptocurrency datasets. The model
demonstrates significant gains in directional accuracy and error reduction compared with
standalone LSTM and CNN baselines. This work illustrates the benefits of combining
convolutional feature extraction with temporal modeling for cryptocurrency markets.

Tiwari et al. [28] design an attention-augmented CNN-LSTM model that integrates
Twitter-based sentiment and market indicators to predict Bitcoin price movements. The ad-
dition of attention mechanisms improves interpretability and enhances performance during
news-driven volatility spikes. Their findings confirm that incorporating social sentiment
can strengthen the predictive power of deep learning models in real-time financial markets.

Nouira et al. [29] provide a survey and empirical synthesis of NLP-driven deep learn-
ing models for cryptocurrency forecasting. They review text-based LSTM, BERT, and
hybrid sentiment–price architectures, showing that transformer-augmented language mod-
els can complement numerical data for more context-aware predictions. Their work further
illustrates the growing convergence between financial econometrics, natural language
processing, and machine learning.

Ross et al. [30] combine deep neural networks with user-generated content to improve
price prediction across multiple cryptocurrencies. Their model fuses sentiment polarity,
engagement metrics, and price features through a hybrid dense–recurrent architecture.
Results show that textual features reduce forecast errors by over 10% compared with
models using price-only data.

Somayajulu et al. [31] present a pedagogical application of LSTM for Bitcoin price
prediction using daily and hourly datasets. The study demonstrates that hyperparameter
optimization—particularly learning rate and hidden-unit count—significantly influences
forecast stability. The work serves as a practical baseline reference for researchers replicating
LSTM-based cryptocurrency forecasters.

Lind and Cai [32] propose a multi-scale CNN–attention LSTM model for time-series
prediction that captures hierarchical dependencies through convolutional blocks and atten-
tion layers. Although applied broadly to financial sequences, the framework generalizes
well to cryptocurrency data, achieving strong performance under volatile regimes and
outperforming standard LSTM baselines.

Collectively, these studies demonstrate the ability of deep neural models to cap-
ture nonlinear financial dynamics more flexibly than conventional approaches. However,
recurrent and hybrid architectures may still face limitations in modeling long-range de-
pendencies efficiently, particularly when high-frequency financial observations extend
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over long temporal windows. These limitations have motivated increasing interest in
transformer-based forecasting architectures.

2.3. Transformer-Based Forecasting Models

Attention-based architectures have recently become prominent in financial time-series
forecasting because they can model long-range dependencies without relying on sequential
recurrence. By processing entire input sequences in parallel, transformer models can
learn temporal relationships over extended horizons and accommodate high-dimensional
financial predictors, making them particularly attractive for volatile and high-frequency
cryptocurrency markets.

Farooq et al. [33] apply an interpretable Temporal Fusion Transformer (TFT) to multi-
horizon cryptocurrency forecasting. Their model integrates variable selection networks and
attention weight analysis to identify key temporal features that influence price dynamics.
The results demonstrate improved forecasting accuracy and explainability compared with
LSTM and GRU baselines, particularly under volatile market conditions.

Lee [34] extends TFT for portfolio-level trading of multiple cryptocurrencies by in-
tegrating on-chain and technical indicators. Their architecture provides both short- and
long-horizon forecasts, improving Sharpe ratios and risk-adjusted returns relative to tra-
ditional models. The study emphasizes that attention-based interpretability enhances
transparency in automated financial decision systems.

Díaz Berenguer et al. [35] propose a causality-driven extension of the TFT architecture
to integrate external signals such as stock and news data. The model captures both temporal
and causal dependencies, improving predictive stability during macroeconomic shocks.
Although their dataset includes traditional assets, the methodological contribution gen-
eralizes to cryptocurrency forecasting frameworks that combine heterogeneous financial
information sources.

Stefaniuk and Ślepaczuk [36] investigate the Informer model for algorithmic invest-
ment strategies based on high-frequency Bitcoin data. They demonstrate that the Prob-
Sparse self-attention mechanism efficiently handles long input sequences while main-
taining lower computational complexity than vanilla transformers. Their results show
that Informer-based strategies outperform recurrent architectures in both computational
efficiency and predictive accuracy.

In a subsequent study, the same authors [37] refine their Informer implementation by
experimenting with different look-back horizons and optimizer settings. They find that
increasing the receptive field improves long-term trend detection, while short-term noise
can be mitigated through adaptive windowing. This work provides useful insights into
tuning Informer for financial time-series applications.

Younas et al. [38] introduce a hybrid attention–correlation transformer named Crypto-
Foretell, which captures both sequential dependencies and inter-asset correlations. Their
model achieves superior accuracy on Bitcoin and Ethereum datasets by combining cross-
asset relational learning with attention-based feature extraction. The study underscores the
value of explicitly modeling inter-market dynamics in multi-asset forecasting.

Khaniki and Manthouri [39] design an enhanced transformer model incorporating
Performer-based linear attention and bidirectional LSTM layers. Their approach reduces
memory usage and training time while maintaining strong predictive performance across
several cryptocurrencies. The results indicate that hybridizing transformer layers with
recurrent blocks can balance computational efficiency and representational capacity in
cryptocurrency forecasting.
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Singh and Bhat [40] adapt transformer architectures for Ethereum price prediction by
integrating cross-currency correlation and sentiment features. Their model outperforms
both LSTM and CNN baselines, demonstrating that fusing market correlation and tex-
tual sentiment improves generalization during periods of high volatility. The study also
highlights the robustness of transformer models when applied to heterogeneous financial
feature spaces.

Mahdi et al. [41] propose a hybrid transformer–GRU framework that leverages atten-
tion mechanisms for global dependencies and GRU layers for local temporal refinement.
Applied to Bitcoin and Ethereum data, the model achieves lower RMSE and MAE compared
with standalone transformers or GRUs. The combination effectively captures short-term
noise while retaining long-term contextual patterns.

Finally, Izadi and Hajizadeh [42] employ transformer blocks within a deep forecasting
pipeline optimized for cryptocurrency markets. Their architecture captures nonlinear
dependencies between technical indicators and returns, outperforming traditional deep
recurrent networks across multiple volatility regimes. The study demonstrates the potential
of transformer-based designs to generalize across assets and temporal scales.

Although the existing literature demonstrates the increasing effectiveness of
transformer-based models in financial forecasting, several gaps remain. Many studies
concentrate on a single cryptocurrency, a specific transformer architecture, or a particular
temporal resolution, making cross-model and cross-asset conclusions difficult. Moreover,
explainability is commonly treated as a post hoc reporting mechanism rather than as an
integral component capable of informing model refinement. The present study addresses
these limitations by establishing a unified benchmark across Vanilla Transformer, Informer,
Autoformer, Reformer, and Temporal Fusion Transformer architectures on an hourly basis
for five major cryptocurrencies (BTC, ETH, SOL, DOGE, and XRP). In addition, SHAP- and
LIME-based explanations are used to guide feature-space refinement and subsequent model
retraining. This design enables a systematic evaluation of predictive accuracy, robustness,
interpretability, and feature relevance within a common machine-learning framework for
high-frequency financial time-series analysis.

Accordingly, ARIMA, GARCH, LSTM, and GRU are reviewed as important method-
ological baselines in the broader cryptocurrency forecasting literature, but they are not
included in the empirical comparison because the present study focuses specifically on
differences among transformer-based architectures. This design choice allows the anal-
ysis to isolate how architectural mechanisms such as sparse attention, decomposition,
locality-sensitive hashing, and gated variable selection affect forecasting performance and
explainability-guided feature refinement.

3. Models
This section presents the transformer-based architectures adopted in this study: the

Vanilla Transformer, Informer, Autoformer, Reformer, and Temporal Fusion Transformer
(TFT). These models were selected because they represent distinct strategies for attention-
based time-series modeling, ranging from general-purpose self-attention to architectures
specifically designed for long-sequence forecasting, temporal decomposition, computa-
tional efficiency, and interpretable multi-horizon prediction. Evaluating these architectures
under a common experimental setting provides a systematic basis for examining how
different attention mechanisms respond to the nonlinear, volatile, and high-frequency
characteristics of cryptocurrency markets.
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3.1. Vanilla Transformer

The original Transformer architecture introduced a paradigm shift in sequence mod-
eling by eliminating recurrence and convolution and replacing them with self-attention
mechanisms that compute pairwise dependencies between all elements in a sequence [8]. In
this framework, each input vector attends to every other vector through scaled dot-product
attention, producing context-aware representations that capture both local and global
dependencies. Multi-head attention enables the model to learn multiple representation
subspaces in parallel, while positional encodings preserve sequential order information
that is otherwise absent from purely attention-based operations.

In time-series forecasting, the Transformer’s encoder–decoder structure can be adapted
for autoregressive or multi-horizon prediction. The encoder captures temporal dependen-
cies within the historical look-back window, whereas the decoder generates future values
either sequentially or across multiple forecast horizons. Despite its strong representation
capacity, the Vanilla Transformer has quadratic computational complexity with respect to
sequence length, making it computationally demanding for long temporal sequences such
as high-frequency financial data. Nevertheless, it provides an important baseline against
which architectures specifically designed to improve long-sequence efficiency and temporal
modeling can be evaluated.

3.2. Informer

The Informer architecture addresses the quadratic computational bottleneck of con-
ventional self-attention through its ProbSparse self-attention mechanism, which selects a
subset of dominant queries based on attention energy scores [9]. This reduces attention
complexity from O(L2) to approximately O(L log L), enabling more efficient processing
of long temporal sequences. Informer also employs a generative decoder that predicts
extended horizons in a single forward pass and introduces a distillation operation that
progressively reduces redundant feature representations across layers.

For financial time-series forecasting, these mechanisms allow Informer to capture ex-
tended temporal patterns without the memory overhead associated with full self-attention.
This property is particularly relevant to high-frequency cryptocurrency data, where long
look-back windows may contain information regarding persistent trends and volatility
dynamics. However, sparse attention may occasionally underrepresent short-lived lo-
cal events or abrupt market movements when a limited subset of temporal interactions
dominates the attention computation.

3.3. Autoformer

Autoformer enhances long-term time-series forecasting through two principal mech-
anisms: a series decomposition block and an auto-correlation mechanism [10]. The de-
composition block separates the time series into trend and seasonal components, enabling
the model to represent underlying temporal structures explicitly. The auto-correlation
mechanism identifies and aggregates similar sub-series patterns in the latent space, al-
lowing the architecture to capture periodic dependencies beyond the effective range of
conventional self-attention.

In cryptocurrency forecasting, this decomposition mechanism provides a means of
distinguishing persistent temporal structure from shorter-term fluctuations. Such a design
may be advantageous when financial series exhibit recurring intraday or inter-day patterns.
However, its effectiveness may decrease when periodic structure becomes weak or unsta-
ble, particularly during abrupt market regime changes or volatility shocks. Autoformer
therefore provides a useful contrast to attention-based architectures that do not explicitly
decompose the observed time series.
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3.4. Reformer

Reformer aims to preserve the representation capability of the Transformer while
substantially reducing its memory requirements and computational cost [11]. It employs
locality-sensitive hashing (LSH) attention and reversible residual layers. LSH attention
groups similar queries and keys into buckets so that attention is computed primarily among
related representations rather than across all possible pairs. Reversible layers further reduce
memory requirements by allowing intermediate activations to be reconstructed during
backpropagation instead of being stored throughout the forward pass.

For high-resolution financial data, these design choices make Reformer attractive when
long input sequences must be processed under computational constraints. The architecture
can retain broad temporal context while reducing the resource requirements associated
with conventional self-attention. Nevertheless, the hashing mechanism may introduce
sensitivity to bucket configuration and other hyperparameters, which can affect stability
when modeling noisy and highly volatile cryptocurrency series.

3.5. Temporal Fusion Transformer (TFT)

The Temporal Fusion Transformer (TFT) is designed specifically for interpretable
multi-horizon time-series forecasting [12]. Unlike conventional Transformer architectures,
TFT integrates specialized components for handling heterogeneous temporal inputs, includ-
ing variable selection networks, gating mechanisms for adaptive feature processing, and
attention layers for capturing both short- and long-term dependencies. These components
enable TFT to model temporal dynamics and interactions among multiple covariates while
simultaneously providing information regarding variable relevance.

These characteristics are particularly relevant to cryptocurrency forecasting, where
market observations are accompanied by multiple derived indicators representing trend,
momentum, volatility, and trading activity. The TFT variable-selection and gating mecha-
nisms provide a structured means of identifying and weighting informative inputs while
suppressing less useful signals. Its architecture also supports multi-horizon forecasting
and interpretable temporal representations, although this flexibility comes at the cost of
greater architectural complexity and hyperparameter tuning requirements. The combina-
tion of predictive modeling and built-in interpretability therefore makes TFT an important
benchmark for high-frequency financial time-series forecasting.

4. Proposed Framework
This section presents the proposed framework for hourly cryptocurrency price fore-

casting using transformer-based architectures. The framework integrates data acquisition,
preprocessing, technical feature engineering, temporal sample construction, model training,
performance evaluation, and explainability-guided feature refinement within a unified
experimental pipeline. As illustrated in Figure 1, SHAP and LIME are incorporated as
an internal explainability stage to identify influential financial predictors and guide the
construction of a reduced feature space for subsequent model retraining. This design
enables explainability to be evaluated not only as a post hoc interpretation mechanism but
also as an active component of the forecasting pipeline that may improve robustness by
reducing the influence of redundant or weakly informative market indicators.
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Figure 1. Complete framework for hourly cryptocurrency forecasting, including chronological
train–validation–test partitioning, transformer-based forecasting, performance evaluation, and
SHAP/LIME-guided feature refinement followed by model retraining.

4.1. Mathematical Formulation of the Forecasting Problem

Let a ∈ A denote a cryptocurrency asset, where A = {BTC, ETH, SOL, DOGE, XRP}.
For each asset a, the multivariate input vector at time t is defined as

x(a)
t = [x(a)

t,1 , x(a)
t,2 , . . . , x(a)

t,d ]
⊤ ∈ Rd,

where d denotes the number of market-derived predictors, including OHLCV variables,
technical indicators, and temporal features. Given a look-back window of length L, the
model input is constructed as

X(a)
t = [x(a)

t−L+1, x(a)
t−L+2, . . . , x(a)

t ] ∈ RL×d.

The forecasting task is to estimate the future closing-price vector over a prediction
horizon H, expressed as

ŷ(a)
t+1:t+H = f (m)

θ (X(a)
t ),

where f (m)
θ denotes the forecasting function parameterized by θ for model architecture

m, with m ∈ {Transformer, Informer, Autoformer, Reformer, TFT}. In this study, H = 24,
corresponding to a 24 h forecasting horizon.

4.2. Data Collection and Preprocessing

Hourly OHLCV (Open, High, Low, Close, Volume) data were collected from the Binance
REST API for five liquid cryptocurrencies: Bitcoin (BTC), Ethereum (ETH), Solana (SOL),
Dogecoin (DOGE), and Ripple (XRP). The main evaluation period spans 1 May 2025 to
31 October 2025, corresponding to approximately 4416 hourly observations per asset. In
addition, historical observations covering 1 May 2021 to 30 April 2025 (approximately
35,000 hourly observations) were used to provide sufficient historical context for rolling
feature computation and preprocessing.
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All cryptocurrency series were aligned to a strict hourly temporal index, and missing
observations were handled within the preprocessing pipeline while preserving the chrono-
logical structure of the series. Extreme observations in log-returns and trading volumes
were controlled through winsorization at the 1st and 99th percentiles.

Particular attention was given to preventing information leakage throughout the
forecasting pipeline. All rolling technical indicators were constructed causally using only
observations available up to time t, ensuring that future price information was not incor-
porated into predictors used to forecast subsequent observations. Numerical scaling was
performed using parameters estimated from the training data and subsequently applied to
the validation and test sets. Together with strict chronological partitioning, this procedure
prevents information from later evaluation periods from being introduced into model
fitting or feature construction.

4.3. Feature Engineering

The baseline OHLCV representation was expanded using 27 engineered technical
indicators designed to characterize different dimensions of cryptocurrency market be-
havior, including trend, momentum, volatility, and trading participation. The indicators
were calculated using reproducible implementations provided by TA-Lib and pandas-ta,
complemented by NumPy and pandas transformations for ratios, slopes, and first-order
differences. Table 1 summarizes the resulting predictors and their functional roles within
the forecasting framework.

For clarity, the main technical indicators used in this study include Exponential Moving
Average (EMA), Simple Moving Average (SMA), Moving Average Convergence Divergence
(MACD), Relative Strength Index (RSI), Stochastic Relative Strength Index (StochRSI),
Commodity Channel Index (CCI), Money Flow Index (MFI), Bollinger Bands (BB), Average
True Range (ATR), Donchian Channel indicators, On-Balance Volume (OBV), Average
Directional Index (ADX), Williams %R, volume oscillator, and first-order momentum-
change indicators.

Table 1. Engineered technical indicators and their functional roles in the forecasting framework.

Feature Description

ema_9 Short-horizon EMA capturing rapid trend shifts.
ema_21 Medium-horizon EMA reflecting intermediate trend behavior.
ema_50 Long-horizon EMA representing sustained trend direction.
sma_20 Simple moving average smoothing short-term fluctuations.
macd_line EMA(12)–EMA(26), representing short-term momentum.
macd_signal 9 h EMA of MACD used to characterize crossover behavior.
macd_histogram Difference between MACD and its signal line.
rsi_14 Relative Strength Index representing momentum conditions.
stoch_rsi RSI-derived oscillator capturing rapid momentum changes.
cci_14 Commodity Channel Index measuring deviation from recent price behavior.
mfi_14 Money Flow Index combining price and volume information.
bollinger_upper Upper Bollinger Band (20, 2).
bollinger_lower Lower Bollinger Band (20, 2).
bollinger_width Bollinger Band width representing volatility magnitude.
bollinger_percent_b Normalized price position within the Bollinger Bands.
atr_14 Average True Range representing absolute volatility.
atr_normalized Price-normalized ATR representing relative volatility.
supertrend_10_3 ATR-adjusted adaptive trend indicator.
donchian_upper_20 Highest high over the preceding 20 h window.
donchian_lower_20 Lowest low over the preceding 20 h window.
obv On-Balance Volume representing directional trading participation.
volume_oscillator Relative behavior of short- and long-term volume averages.
adx_14 Average Directional Index representing trend strength.
williams_r_14 Relative closing-price position within recent price extremes.
ema_ratio_9_21 EMA9/EMA21 ratio representing relative trend intensity.
macd_hist_slope First-order change in the MACD histogram.
delta_rsi First difference of RSI representing momentum change.
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In addition to market-derived predictors, cyclical temporal information was repre-
sented through hour-of-day and day-of-week embeddings. These temporal variables were
appended to the feature representation to allow the models to learn recurring intraday and
weekly structures that may be relevant to continuously traded cryptocurrency markets.

The complete feature representation was initially retained for baseline model training
rather than assuming a priori that all engineered indicators contributed equally to forecast-
ing performance. Feature relevance was subsequently investigated using SHAP and LIME.
This separation between the complete baseline feature space and the explainability-guided
reduced feature space enables the effect of XAI-driven feature refinement on forecasting
performance to be evaluated explicitly.

4.4. Forecasting Architecture and Temporal Evaluation

Following preprocessing and feature construction, the financial time series were
transformed into sliding-window samples. Each input window contains L historical hourly
observations and is used to forecast the subsequent H = 24 h, thereby formulating the task
as a high-frequency multi-horizon cryptocurrency price forecasting problem.

The model parameters were learned by minimizing the empirical forecasting loss over
the training set:

θ∗ = arg min
θ

1
Ntrain

Ntrain

∑
i=1

L
(

yi, f (m)
θ (Xi)

)
,

where Ntrain is the number of training samples, yi is the observed future target vector, and
L(·) corresponds to the mean squared error loss used during model optimization.

Five transformer-based architectures—Vanilla Transformer, Informer, Autoformer,
Reformer, and Temporal Fusion Transformer (TFT)—were evaluated under a common
experimental protocol. These architectures represent different mechanisms for modeling
complex temporal dependencies, including conventional full self-attention, sparse attention,
series decomposition, locality-sensitive hashing, and gated variable selection.

To preserve the temporal structure of the financial series and prevent information leak-
age, observations were partitioned chronologically into training, validation, and test sets
using a 60%/20%/20% split. The earliest 60% of observations were used for model training,
the subsequent 20% formed the validation set, and the most recent 20% were retained as a
held-out test set. No random shuffling was performed during temporal partitioning.

The validation set was used during model development for hyperparameter selection,
convergence monitoring, and early stopping. In contrast, the held-out test set was reserved
exclusively for final performance evaluation and did not contribute to model fitting, hyper-
parameter optimization, or validation-based model selection. This chronological separation
is particularly important in financial time-series forecasting, where random partitioning
may introduce future market information into earlier prediction periods and lead to overly
optimistic estimates of model generalization.

To account for variability arising from stochastic model optimization, the experimental
procedure was repeated across ten independent runs while preserving the same chrono-
logical train–validation–test structure. Forecasting performance was aggregated across
these runs and reported as mean performance. This repeated evaluation strategy provides
a more stable assessment of model behavior while maintaining strict temporal separation
among training, validation, and test periods.

Forecasting performance was quantified using five complementary metrics: Mean
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), and the coefficient of determination (R2). These
metrics provide complementary perspectives on absolute forecasting deviation, scale-
normalized error, sensitivity to larger prediction errors, and overall goodness of fit.
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The evaluation metrics were computed as follows:

MAE =
1
N

N

∑
i=1

|yi − ŷi|,

MSE =
1
N

N

∑
i=1

(yi − ŷi)
2,

RMSE =

√√√√ 1
N

N

∑
i=1

(yi − ŷi)2,

MAPE =
100
N

N

∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣,
R2 = 1 − ∑N

i=1(yi − ŷi)
2

∑N
i=1(yi − ȳ)2

.

Here, yi, ŷi, ȳ, and N denote the observed value, predicted value, mean observed
value, and number of test observations, respectively.

4.5. Hyperparameter Optimization and Training Configuration

Hyperparameters were optimized using the chronologically separated validation set,
which remained distinct from the held-out test set throughout model development. Grid-
search optimization was performed for the transformer architectures to account for their
different structural characteristics. The resulting configurations are summarized in Table 2.

Table 2. Optimized hyperparameter configurations used for the transformer-based forecasting models.

Model L Batch Heads Blocks d f f LR

Informer 120 64 4 2 256 1 × 10−4

Autoformer 60 32 4 3 128 1 × 10−5

Reformer 30 16 4 2 256 1 × 10−4

Transformer 60 32 4 2 256 1 × 10−4

TFT 60 32 4 2 256 1 × 10−4

The input sequence length L determines the amount of historical information available
to the forecasting model. The number of attention heads defines parallel attention sub-
spaces, while the number of blocks specifies the depth of the architecture. The feed-forward
dimension d f f controls the capacity of the intermediate representation, and the learning
rate determines the magnitude of parameter updates during optimization. Batch size was
additionally selected to balance convergence stability and computational requirements.

All experiments were implemented in Python 3.10 using PyTorch 2.13.0. Data process-
ing was performed using pandas, NumPy, and scikit-learn, while technical indicators were
calculated using TA-Lib and pandas-ta. Model training was conducted on an NVIDIA GPU
with at least 24 GB of VRAM using CUDA acceleration and deterministic random seeds.

The Adam optimizer was employed together with cosine-annealed learning-rate
scheduling. Training was performed for a maximum of 50 epochs, with early stopping
applied using validation loss and a patience of five epochs. Mean Squared Error (MSE)
was used as the training objective. The held-out test set was not used for convergence
monitoring, hyperparameter selection, or early stopping.
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4.6. Explainability-Guided Feature Refinement

Following baseline model training, SHAP (SHapley Additive exPlanations) and LIME
(Local Interpretable Model-agnostic Explanations) were incorporated to investigate the
contribution of individual financial predictors to the forecasting process. The two ap-
proaches provide complementary perspectives on model behavior: SHAP characterizes
feature contributions through Shapley-value-based attribution, whereas LIME provides
local explanations by approximating model behavior around individual predictions.

Explainability analysis was conducted separately for each cryptocurrency to account
for potential differences in feature relevance across heterogeneous market dynamics. The
feature-importance information obtained from SHAP and LIME was jointly considered
to derive an explainability-guided feature ranking for each asset. Based on the resulting
SHAP–LIME consensus, the 15 most influential predictors were retained to construct an
asset-specific reduced feature space. This procedure allows complementary explanation
information from both methods to contribute to feature refinement rather than relying on a
single explainability technique.

For each asset a, let ϕ
SHAP,(a)
j denote the global SHAP importance of feature j, and let

ϕ
LIME,(a)
j denote the corresponding aggregated LIME-based importance score. A consensus

explainability score for each feature was defined as

s(a)
j = α

∣∣∣ϕSHAP,(a)
j

∣∣∣+ (1 − α)
∣∣∣ϕLIME,(a)

j

∣∣∣,
where α ∈ [0, 1] controls the relative contribution of SHAP and LIME. The asset-specific
reduced feature subset was then obtained as

S (a)
15 = Top15

(
{s(a)

j }d
j=1

)
.

The refined input representation is therefore given by

X(a)
t,refined = X(a)

t [:,S (a)
15 ],

which retains only the selected Top-15 predictors for asset a.
Following feature selection, all five transformer architectures were retrained using the

corresponding reduced Top-15 feature set while preserving the same chronological train–
validation–test structure and general evaluation protocol used for the baseline experiments.
Forecasting performance before and after explainability-guided feature refinement was
then compared using the same five evaluation metrics.

This two-stage experimental design allows SHAP and LIME to serve not only as post
hoc interpretation tools but also as components of an iterative model-refinement strategy.
Consequently, the framework enables direct assessment of whether explainability-guided
feature reduction can provide a compact and interpretable feature representation while
maintaining competitive predictive performance and reducing dependence on redundant
or weakly informative financial indicators.

5. Experimental Results
This section presents the experimental evaluation of the proposed transformer-based

cryptocurrency forecasting framework in four stages. First, baseline forecasting perfor-
mance is evaluated using the complete feature representation consisting of OHLCV vari-
ables, engineered technical indicators, and temporal information. Second, SHAP and LIME
are employed to investigate asset-specific feature relevance and identify the predictors
that contribute most strongly to the forecasting process. Third, the models are retrained
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using the explainability-guided Top-15 feature subsets to examine whether the reduced
feature representation can provide competitive forecasting performance while improving
interpretability and reducing dimensionality. Finally, additional robustness, sensitivity,
alternative feature-selection, and statistical significance analyses are conducted to assess
the stability and generalizability of the feature-refinement strategy.

All results reported in this section were obtained using the chronological 60%/20%/20%
train–validation–test structure described in Section 4. The final 20% of each time series was
retained as a held-out test period, while the validation partition was used during model
development and early stopping. To account for variability arising from stochastic model
optimization, the experiments were repeated over ten independent runs while preserving
the same chronological partitioning scheme. The reported MSE, RMSE, MAE, MAPE, and
R2 values represent mean performance across these runs.

5.1. Baseline Performance

Table 3 summarizes the forecasting performance obtained using the complete feature
representation before explainability-guided feature refinement. The results are reported as
mean ± standard deviation over ten independent runs, and MAPE values are expressed
as percentages. The updated baseline results show that forecasting performance varies
across both model architectures and cryptocurrency assets, although the Temporal Fusion
Transformer (TFT) provides the strongest baseline performance in terms of MAPE across
the evaluated assets.

Table 3. Baseline (pre-XAI) forecasting performance using the full feature representation. Results
are reported as mean ± standard deviation over ten independent runs. MAPE is expressed as
a percentage.

Model Asset MSE RMSE MAE MAPE (%) R2

Informer

BTC 0.0044 ± 0.0001 0.0660 ± 0.0009 0.0487 ± 0.0009 1.293 ± 0.024 0.8696 ± 0.0037
SOL 0.0074 ± 0.0002 0.0860 ± 0.0009 0.0602 ± 0.0007 2.406 ± 0.026 0.8458 ± 0.0032
ETH 0.0017 ± 0.0000 0.0412 ± 0.0005 0.0293 ± 0.0005 2.171 ± 0.039 0.7788 ± 0.0057
DOGE 0.0051 ± 0.0001 0.0712 ± 0.0006 0.0447 ± 0.0004 2.885 ± 0.031 0.8771 ± 0.0020
XRP 0.0026 ± 0.0003 0.0508 ± 0.0029 0.0349 ± 0.0015 2.349 ± 0.112 0.8622 ± 0.0163

Autoformer

BTC 0.0044 ± 0.0000 0.0660 ± 0.0004 0.0478 ± 0.0003 1.275 ± 0.009 0.8618 ± 0.0016
SOL 0.0072 ± 0.0001 0.0848 ± 0.0005 0.0587 ± 0.0004 2.337 ± 0.017 0.8394 ± 0.0020
ETH 0.0017 ± 0.0001 0.0415 ± 0.0007 0.0300 ± 0.0008 2.218 ± 0.057 0.7586 ± 0.0083
DOGE 0.0048 ± 0.0001 0.0691 ± 0.0004 0.0435 ± 0.0005 2.782 ± 0.029 0.8788 ± 0.0014
XRP 0.0022 ± 0.0001 0.0471 ± 0.0007 0.0322 ± 0.0005 2.148 ± 0.033 0.8807 ± 0.0035

Reformer

BTC 0.0042 ± 0.0002 0.0646 ± 0.0016 0.0470 ± 0.0012 1.253 ± 0.031 0.8662 ± 0.0065
SOL 0.0067 ± 0.0001 0.0819 ± 0.0007 0.0572 ± 0.0005 2.275 ± 0.020 0.8448 ± 0.0027
ETH 0.0015 ± 0.0001 0.0381 ± 0.0012 0.0270 ± 0.0008 2.005 ± 0.063 0.7903 ± 0.0128
DOGE 0.0046 ± 0.0002 0.0679 ± 0.0012 0.0434 ± 0.0009 2.779 ± 0.056 0.8796 ± 0.0041
XRP 0.0021 ± 0.0001 0.0454 ± 0.0010 0.0312 ± 0.0006 2.074 ± 0.041 0.8865 ± 0.0051

Transformer

BTC 0.0042 ± 0.0001 0.0644 ± 0.0009 0.0470 ± 0.0007 1.253 ± 0.018 0.8681 ± 0.0035
SOL 0.0067 ± 0.0002 0.0816 ± 0.0011 0.0573 ± 0.0005 2.277 ± 0.019 0.8512 ± 0.0041
ETH 0.0015 ± 0.0001 0.0392 ± 0.0009 0.0278 ± 0.0005 2.060 ± 0.039 0.7850 ± 0.0093
DOGE 0.0047 ± 0.0001 0.0688 ± 0.0008 0.0435 ± 0.0008 2.781 ± 0.051 0.8796 ± 0.0027
XRP 0.0022 ± 0.0001 0.0472 ± 0.0009 0.0319 ± 0.0006 2.132 ± 0.043 0.8798 ± 0.0046

TFT

BTC 0.0040 ± 0.0000 0.0629 ± 0.0001 0.0442 ± 0.0001 1.177 ± 0.003 0.8743 ± 0.0005
SOL 0.0069 ± 0.0001 0.0831 ± 0.0005 0.0562 ± 0.0005 2.239 ± 0.018 0.8456 ± 0.0018
ETH 0.0014 ± 0.0000 0.0372 ± 0.0001 0.0252 ± 0.0000 1.865 ± 0.003 0.8066 ± 0.0009
DOGE 0.0044 ± 0.0000 0.0667 ± 0.0004 0.0400 ± 0.0000 2.568 ± 0.004 0.8870 ± 0.0012
XRP 0.0019 ± 0.0000 0.0434 ± 0.0002 0.0284 ± 0.0001 1.895 ± 0.010 0.8987 ± 0.0009

TFT achieves the lowest baseline MAPE for all five cryptocurrencies, with values of
1.177 ± 0.003% for BTC, 2.239 ± 0.018% for SOL, 1.865 ± 0.003% for ETH, 2.568 ± 0.004%
for DOGE, and 1.895 ± 0.010% for XRP. These results indicate that the TFT gating mecha-
nisms, temporal attention structure, and variable-selection components are effective when
the complete multivariate feature representation is used. The relatively small standard
deviations further suggest that TFT exhibits stable baseline behavior across repeated runs.

https://doi.org/10.3390/math14183402

https://doi.org/10.3390/math14183402


Mathematics 2026, 14, 3402 17 of 32

Reformer and the Vanilla Transformer provide competitive intermediate baseline
performance. Reformer obtains MAPE values of 1.253 ± 0.031% for BTC, 2.275 ± 0.020%
for SOL, 2.005 ± 0.063% for ETH, 2.779 ± 0.056% for DOGE, and 2.074 ± 0.041% for
XRP. The Vanilla Transformer obtains very similar baseline results, with MAPE values of
1.253 ± 0.018% for BTC, 2.277 ± 0.019% for SOL, 2.060 ± 0.039% for ETH, 2.781 ± 0.051%
for DOGE, and 2.132 ± 0.043% for XRP. These findings suggest that both standard self-
attention and locality-sensitive hashing attention can capture relevant temporal patterns
in hourly cryptocurrency data, although they do not outperform TFT under the full fea-
ture representation.

Informer also achieves competitive baseline performance, particularly for BTC, ETH,
and SOL, but it does not provide the lowest MAPE under the updated run-level evaluation.
Its MAPE values are 1.293 ± 0.024% for BTC, 2.406 ± 0.026% for SOL, 2.171 ± 0.039% for
ETH, 2.885 ± 0.031% for DOGE, and 2.349 ± 0.112% for XRP. These results indicate that
sparse attention remains useful for modeling high-frequency cryptocurrency sequences,
although its effectiveness varies across assets and does not uniformly exceed that of archi-
tectures with stronger variable-selection mechanisms.

Autoformer shows comparable but asset-dependent baseline performance. It obtains
MAPE values of 1.275 ± 0.009% for BTC, 2.337 ± 0.017% for SOL, 2.218 ± 0.057% for ETH,
2.782 ± 0.029% for DOGE, and 2.148 ± 0.033% for XRP. The model performs relatively
close to the other non-TFT transformer architectures for BTC, SOL, DOGE, and XRP, but
its decomposition-based design does not provide the strongest baseline accuracy in this
experimental setting. This suggests that explicit temporal decomposition may be beneficial
in some financial time-series contexts, but its advantage depends on the structure of the
underlying asset dynamics.

Overall, the baseline experiments indicate that TFT provides the strongest perfor-
mance when the complete feature representation is used, while the remaining transformer
architectures produce broadly competitive but asset-dependent results. The observed
differences across architectures motivate the subsequent explainability analysis, which
investigates whether the original feature space can be reduced through SHAP–LIME-
guided feature refinement while maintaining competitive forecasting performance and
improving interpretability.

5.2. Explainability Analysis Using SHAP and LIME

To investigate the internal decision mechanisms of the forecasting models and iden-
tify the predictors contributing most strongly to their outputs, SHAP (SHapley Additive
exPlanations) and LIME (Local Interpretable Model-agnostic Explanations) were applied
following baseline model training. The two methods provide complementary perspectives:
SHAP characterizes feature contributions from a broader attribution perspective, whereas
LIME provides local explanations around individual predictions.

The explainability analysis was performed separately for BTC, ETH, SOL, DOGE, and
XRP. This asset-specific analysis is important because the baseline experiments demonstrate
that the forecasting behavior of the architectures varies substantially across cryptocurrencies.
Consequently, imposing a single universal feature ranking could obscure differences in the
information structures associated with individual assets.

For the LIME visualizations in Figure 2, one fixed prediction instance was selected
from the held-out test set for each cryptocurrency to provide an illustrative local explanation
under the same evaluation setting used for final model assessment. Since LIME provides an
explanation for an individual prediction rather than a global summary of model behavior,
the selected instance was used as an illustrative local example. The purpose of the LIME
panels is therefore to demonstrate how individual technical indicators contribute to a
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specific prediction, whereas the SHAP analysis provides the corresponding global feature-
importance perspective across the test set. Accordingly, the LIME examples should be
interpreted as representative local illustrations rather than as complete summaries of the
overall dataset.

As illustrated in Figure 2, the SHAP and LIME analyses reveal heterogeneous feature-
importance patterns across the five cryptocurrencies. For BTC, SHAP assigns substantial
importance to mfi_14, ema_50, macd_hist_slope, and delta_rsi, indicating contribu-
tions from volume-adjusted market activity, trend information, and momentum changes.
The corresponding LIME explanation also emphasizes momentum- and volatility-related
predictors, including stoch_rsi, macd_hist_slope, delta_rsi, and bollinger_width.

Figure 2. Global and local feature explanations for BTC, SOL, ETH, XRP, and DOGE obtained
using SHAP and LIME. In the SHAP panels, blue horizontal bars indicate global feature importance
based on mean absolute SHAP values across the test set. In the LIME panels, green bars indicate
positive local contributions and red bars indicate negative local contributions for one fixed prediction
instance selected from the held-out test set for the corresponding cryptocurrency. Since LIME is
inherently local, these examples are intended to provide representative local illustrations rather than
complete summaries of the overall dataset. The results demonstrate that feature relevance varies
across assets, motivating the construction of asset-specific Top-15 feature subsets for retraining the
transformer-based forecasting models.

For ETH, the explanation patterns indicate substantial contributions from trend-
and momentum-related variables. SHAP highlights features including rsi_14, ema_21,
macd_line, and mfi_14, while the corresponding LIME analysis further identifies momen-
tum changes and Bollinger-based volatility information as relevant to local predictions.

For SOL, momentum- and trend-related indicators dominate the explanation pat-
terns. SHAP identifies rsi_14, ema_21, macd_line, mfi_14, and bollinger_width among
the most influential predictors, while the corresponding LIME explanation highlights
stoch_rsi, macd_hist_slope, delta_rsi, and bollinger_width. These results indicate
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that both momentum dynamics and short-term trend information play important roles in
forecasting SOL.

For DOGE, the explanation results emphasize trading-activity and momentum-related
information. Predictors such as volume_oscillator, stoch_rsi, mfi_14, williams_r_14,
and rsi_14 contribute prominently to the model explanations, suggesting that trading ac-
tivity and momentum dynamics provide valuable information for DOGE price forecasting.

For XRP, SHAP primarily highlights volatility-, price-channel-, and volume-related in-
dicators, including bollinger_width, donchian_upper_20, donchian_lower_20, obv, and
ema_50. The corresponding LIME explanation similarly emphasizes volatility- and trend-
sensitive variables, indicating that XRP predictions rely on a relatively focused subset of
engineered features.

Taken together, the SHAP and LIME results demonstrate that the transformer-based
forecasting models do not rely uniformly on the complete set of engineered predictors.
Instead, feature relevance varies across assets, with trend, momentum, volatility, and
trading-activity indicators contributing to different degrees. Based on the combined SHAP–
LIME analysis, an asset-specific Top-15 feature subset was constructed and subsequently
used to retrain all five transformer architectures.

5.3. Refined Performance After Explainability-Guided Feature Selection

Following the explainability analysis, the feature space was reduced to the asset-
specific Top-15 predictors identified through the combined SHAP and LIME analysis.
All five transformer architectures were subsequently retrained using the reduced feature
representation while preserving the same chronological train–validation–test structure and
evaluation protocol employed in the baseline experiments.

The purpose of this second-stage evaluation is to determine whether explainability-
guided feature reduction can provide a compact and interpretable representation while
maintaining competitive forecasting performance. Table 4 summarizes the resulting post-
XAI forecasting performance using the asset-specific SHAP–LIME Top-15 feature subsets.
Results are reported as mean ± standard deviation over ten independent runs, and MAPE
values are expressed as percentages.

Informer shows modest improvements after SHAP–LIME Top-15 feature refinement
for several assets. Its MAPE decreases from 1.293 ± 0.024% to 1.286 ± 0.016% for BTC, from
2.406 ± 0.026% to 2.387 ± 0.033% for SOL, from 2.171 ± 0.039% to 2.122 ± 0.027% for ETH,
and from 2.885 ± 0.031% to 2.864 ± 0.037% for DOGE. However, for XRP, MAPE increases
from 2.349 ± 0.112% to 2.664 ± 0.103%. These results indicate that sparse attention can
benefit from a reduced feature representation in some settings, but the effect is not uniform
across all assets.

Autoformer exhibits a slightly less favorable response to the SHAP–LIME Top-15
representation. Its MAPE changes from 1.275 ± 0.009% to 1.286 ± 0.028% for BTC, from
2.337 ± 0.017% to 2.366 ± 0.022% for SOL, from 2.218 ± 0.057% to 2.289 ± 0.049% for
ETH, from 2.782 ± 0.029% to 2.790 ± 0.028% for DOGE, and from 2.148 ± 0.033% to
2.177 ± 0.029% for XRP. Although these changes are relatively small, they suggest that the
decomposition-based architecture may rely on complementary information distributed
across the broader feature set.

Reformer also shows a mixed response to feature refinement. Its MAPE increases
slightly for BTC, SOL, DOGE, and XRP, changing from 1.253 ± 0.031% to 1.266 ± 0.041%,
from 2.275 ± 0.020% to 2.281 ± 0.048%, from 2.779 ± 0.056% to 2.810 ± 0.079%, and
from 2.074 ± 0.041% to 2.113 ± 0.060%, respectively. In contrast, ETH improves from
2.005 ± 0.063% to 1.982 ± 0.066%. These results indicate that locality-sensitive hashing
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attention can maintain broadly competitive forecasting performance under the reduced
representation, but it does not consistently benefit from Top-15 feature selection.

Table 4. Refined (post-XAI) forecasting performance using the asset-specific SHAP–LIME Top-15
feature representation. Results are reported as mean ± standard deviation over ten independent runs.
MAPE is expressed as a percentage.

Model Asset MSE RMSE MAE MAPE (%) R2

Informer

BTC 0.0043 ± 0.0001 0.0655 ± 0.0007 0.0484 ± 0.0006 1.286 ± 0.016 0.8715 ± 0.0026
SOL 0.0072 ± 0.0002 0.0850 ± 0.0010 0.0598 ± 0.0008 2.387 ± 0.033 0.8494 ± 0.0036
ETH 0.0016 ± 0.0000 0.0403 ± 0.0006 0.0286 ± 0.0004 2.122 ± 0.027 0.7887 ± 0.0060
DOGE 0.0050 ± 0.0001 0.0704 ± 0.0008 0.0444 ± 0.0005 2.864 ± 0.037 0.8798 ± 0.0027
XRP 0.0037 ± 0.0005 0.0607 ± 0.0038 0.0392 ± 0.0015 2.664 ± 0.103 0.8038 ± 0.0244

Autoformer

BTC 0.0044 ± 0.0002 0.0661 ± 0.0012 0.0483 ± 0.0011 1.286 ± 0.028 0.8612 ± 0.0051
SOL 0.0073 ± 0.0002 0.0855 ± 0.0009 0.0595 ± 0.0006 2.366 ± 0.022 0.8367 ± 0.0034
ETH 0.0018 ± 0.0001 0.0429 ± 0.0008 0.0310 ± 0.0007 2.289 ± 0.049 0.7426 ± 0.0095
DOGE 0.0048 ± 0.0001 0.0692 ± 0.0004 0.0436 ± 0.0004 2.790 ± 0.028 0.8782 ± 0.0015
XRP 0.0023 ± 0.0001 0.0480 ± 0.0007 0.0326 ± 0.0004 2.177 ± 0.029 0.8758 ± 0.0037

Reformer

BTC 0.0041 ± 0.0002 0.0643 ± 0.0016 0.0475 ± 0.0015 1.266 ± 0.041 0.8675 ± 0.0064
SOL 0.0066 ± 0.0002 0.0810 ± 0.0014 0.0573 ± 0.0013 2.281 ± 0.048 0.8478 ± 0.0054
ETH 0.0014 ± 0.0001 0.0373 ± 0.0014 0.0268 ± 0.0009 1.982 ± 0.066 0.7993 ± 0.0151
DOGE 0.0046 ± 0.0003 0.0680 ± 0.0019 0.0439 ± 0.0012 2.810 ± 0.079 0.8793 ± 0.0068
XRP 0.0022 ± 0.0001 0.0472 ± 0.0013 0.0317 ± 0.0009 2.113 ± 0.060 0.8770 ± 0.0069

Transformer

BTC 0.0042 ± 0.0002 0.0646 ± 0.0012 0.0475 ± 0.0009 1.265 ± 0.023 0.8674 ± 0.0048
SOL 0.0067 ± 0.0002 0.0818 ± 0.0011 0.0578 ± 0.0008 2.292 ± 0.033 0.8506 ± 0.0040
ETH 0.0015 ± 0.0001 0.0389 ± 0.0009 0.0277 ± 0.0008 2.046 ± 0.058 0.7881 ± 0.0103
DOGE 0.0048 ± 0.0002 0.0693 ± 0.0013 0.0442 ± 0.0009 2.826 ± 0.060 0.8777 ± 0.0046
XRP 0.0023 ± 0.0001 0.0477 ± 0.0013 0.0319 ± 0.0009 2.132 ± 0.060 0.8774 ± 0.0064

TFT

BTC 0.0042 ± 0.0003 0.0645 ± 0.0020 0.0457 ± 0.0019 1.220 ± 0.053 0.8677 ± 0.0082
SOL 0.0069 ± 0.0001 0.0830 ± 0.0004 0.0564 ± 0.0002 2.246 ± 0.009 0.8461 ± 0.0016
ETH 0.0014 ± 0.0000 0.0371 ± 0.0001 0.0252 ± 0.0000 1.862 ± 0.003 0.8070 ± 0.0009
DOGE 0.0044 ± 0.0001 0.0662 ± 0.0006 0.0402 ± 0.0002 2.577 ± 0.015 0.8887 ± 0.0020
XRP 0.0019 ± 0.0000 0.0430 ± 0.0005 0.0280 ± 0.0003 1.871 ± 0.018 0.9003 ± 0.0023

The Vanilla Transformer demonstrates similarly heterogeneous behavior. MAPE
increases from 1.253 ± 0.018% to 1.265 ± 0.023% for BTC, from 2.277 ± 0.019% to
2.292 ± 0.033% for SOL, and from 2.781 ± 0.051% to 2.826 ± 0.060% for DOGE. For ETH,
MAPE decreases slightly from 2.060 ± 0.039% to 2.046 ± 0.058%, while XRP remains
practically unchanged at approximately 2.132%. These findings suggest that conventional
self-attention can preserve competitive performance after feature reduction in some cases,
but the reduced representation does not provide a consistent improvement over the full
feature set.

TFT remains the strongest post-XAI architecture in terms of MAPE across all five
cryptocurrencies. After SHAP–LIME Top-15 feature refinement, TFT obtains MAPE values
of 1.220 ± 0.053% for BTC, 2.246 ± 0.009% for SOL, 1.862 ± 0.003% for ETH, 2.577 ± 0.015%
for DOGE, and 1.871 ± 0.018% for XRP. Relative to the full feature representation, TFT
shows slight improvements for ETH and XRP, while the changes for BTC, SOL, and DOGE
indicate small degradations. Thus, TFT retains the best overall post-XAI forecasting perfor-
mance, but the benefit of feature refinement remains asset dependent.

Overall, the updated post-XAI results indicate that the SHAP–LIME Top-15 represen-
tation provides a compact, model-aware, and interpretable feature subset with competitive
forecasting performance. However, it does not uniformly outperform the full feature repre-
sentation across all model–asset combinations. The effect of feature refinement depends on
the transformer architecture and cryptocurrency asset, with some combinations benefiting
from feature reduction and others performing slightly better with the full feature set.

From a financial forecasting perspective, these findings suggest that expanding the
predictor space with numerous technical indicators does not always guarantee superior
out-of-sample performance, but aggressive feature reduction may also remove useful
complementary signals for certain architectures. Therefore, explainability-guided feature

https://doi.org/10.3390/math14183402

https://doi.org/10.3390/math14183402


Mathematics 2026, 14, 3402 21 of 32

refinement should be interpreted as a practical mechanism for constructing parsimonious
and interpretable forecasting models, rather than as a universally superior feature-selection
rule. This interpretation is further examined through the robustness, sensitivity, alternative
feature-selection, and statistical significance analyses presented in Section 5.4.

5.4. Additional Robustness and Sensitivity Analyses

In addition to the main pre-XAI and post-XAI forecasting results, several supplemen-
tary analyses were conducted to further evaluate the robustness, stability, and sensitivity of
the proposed explainability-guided feature refinement strategy. These analyses examine
model behavior under sudden market movements, the effect of varying the number of
retained SHAP–LIME features, comparisons with alternative feature-selection baselines,
and run-to-run statistical variability.

The purpose of these additional analyses is not to replace the main forecasting eval-
uation but to provide a more rigorous assessment of whether the SHAP–LIME-based
reduced feature representation remains competitive under different experimental and
market conditions.

5.4.1. Robustness Under Market Regime Shifts and Sudden Price Jumps

To address the behavior of the forecasting models under non-average market condi-
tions, an additional robustness analysis was conducted on the held-out test period. Since
cryptocurrency markets frequently exhibit abrupt price movements, volatility clustering,
and short-lived regime changes, evaluating only average forecasting errors may obscure
model behavior during unstable market phases. Therefore, the test segment was further
examined in terms of volatility regimes and sudden price-jump hours.

Let P(a)
t denote the closing price of asset a at time t. The hourly log-return was

computed as
r(a)

t = log(P(a)
t )− log(P(a)

t−1).

Sudden price-jump hours were identified using an asset-specific absolute log-return
threshold. Specifically, an observation was labeled as a jump hour when the magnitude of
the hourly log-return exceeded the corresponding high-percentile threshold:

Jump(a)
t =

1, if |r(a)
t | > τa,

0, otherwise,

where τa denotes the asset-specific jump threshold. In addition, rolling volatility regimes
were examined using a 24 h rolling standard deviation of log-returns. High- and low-
volatility regimes were identified based on the upper and lower quantiles of the rolling-
volatility distribution, respectively.

The held-out test period spans 26 September 2025 to 31 October 2025 and contains
854 hourly observations for each cryptocurrency. As shown in Figure 3, the held-out test
segment contains both volatility-regime changes and sudden price-jump observations
across all five assets. As summarized in Table 5, all five assets exhibit jump hours during
the test segment. BTC has the largest number of jump observations, with 28 jump hours
corresponding to 3.28% of the test period. ETH, SOL, DOGE, and XRP also contain sudden-
jump observations, with jump ratios ranging from 1.41% to 2.34%. These results confirm
that the held-out test set contains non-smooth market behavior and regime-shift-like
volatility patterns rather than only stable average-market conditions.
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Figure 3. Held-out test segment for BTC, ETH, SOL, DOGE, and XRP, showing price trajectories, high-
and low-volatility regimes, and sudden price-jump hours. The shaded regions indicate volatility-
regime changes, while the marked points correspond to jump hours identified using asset-specific
hourly log-return thresholds. The test period covers 26 September 2025 to 31 October 2025 and
includes abrupt market movements, including the 10–11 October 2025 crash period, confirming that
the evaluation segment contains regime-shift-like behavior rather than only stable market conditions.

Model robustness was then evaluated by comparing forecasting errors during normal
hours and sudden-jump hours. As shown in Figure 4, jump-hour errors are substantially
higher than normal-hour errors across the five assets and five transformer architectures.
Using the full feature representation, the average normal-hour MAPE is 2.016%, whereas
the average jump-hour MAPE is increased to 6.401%, corresponding to an average error-
inflation factor of approximately 3.04. With the SHAP–LIME Top-15 representation, the
corresponding normal-hour and jump-hour MAPE values are 2.038% and 6.377%, respec-
tively, with a slightly lower average error-inflation factor of approximately 3.00.

https://doi.org/10.3390/math14183402

https://doi.org/10.3390/math14183402


Mathematics 2026, 14, 3402 23 of 32

Table 5. Summary of volatility regimes and sudden price-jump observations in the held-out test period.

Asset Test Hours
Jump

Threshold
(%/h)

Jump Hours Jump Ratio
(%)

BTC 854 1.068 28 3.28
ETH 854 2.172 13 1.52
SOL 854 2.280 20 2.34
DOGE 854 2.846 15 1.76
XRP 854 2.181 12 1.41

Figure 4. Comparison of normal-hour and sudden-jump-hour MAPE for the full feature representa-
tion and the SHAP–LIME Top-15 representation. Bars represent average MAPE values across the
five cryptocurrency assets for each transformer architecture. Normal-hour errors correspond to non-
jump observations, whereas jump-hour errors correspond to observations exceeding the asset-specific
hourly log-return threshold. Jump-hour errors are substantially larger than normal-hour errors
for all transformer architectures, indicating that abrupt price movements remain challenging. The
SHAP–LIME Top-15 representation slightly reduces the average jump-hour error inflation compared
with the full feature set.

These findings indicate that sudden price jumps remain challenging for all evaluated
transformer architectures, as expected in highly volatile financial time series. However, the
SHAP–LIME Top-15 representation slightly reduces the average jump-hour error and error-
inflation factor compared with the full feature set. This suggests that explainability-guided
feature refinement can provide a more compact representation that remains competitive
under abrupt market movements, although its robustness benefit is modest and model de-
pendent. Therefore, the results should not be interpreted as indicating complete immunity
to sudden market shocks, but rather as evidence that the proposed framework maintains
stable and interpretable forecasting behavior under both normal and jump-hour conditions.

5.4.2. Sensitivity to the Number of Retained SHAP–LIME Features

To justify the choice of the Top-15 feature subset and to examine the effect of di-
mensionality reduction more systematically, a sensitivity analysis was conducted with
different numbers of retained SHAP–LIME-ranked predictors. Specifically, each trans-
former architecture was retrained using the Top-5, Top-10, Top-15, and Top-20 features for
each cryptocurrency asset while preserving the same chronological train–validation–test
structure and ten-run evaluation protocol used in the main experiments.

Figure 5 shows the resulting MAPE values for each model and asset as the number of
retained features K varies. The results indicate that forecasting performance is generally
stable across different feature subset sizes, but the optimal value of K is not identical for all
assets and architectures. In several cases, smaller subsets such as Top-5 provide competitive
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or slightly better performance, whereas Top-15 and Top-20 tend to preserve a broader set of
market indicators with only limited additional error.

Averaged across all assets, models, and runs, the MAPE values for Top-5, Top-10,
Top-15, and Top-20 were 2.071%, 2.119%, 2.121%, and 2.128%, respectively. These results
show that the forecasting models are not highly sensitive to small changes in the number
of retained features, although very compact representations can be competitive. The
Top-15 setting was retained in the main experiments as a conservative dimensionality-
reduction choice because it substantially reduces the original feature space while preserving
a sufficiently broad set of trend, momentum, volatility, and volume-related indicators for
interpretation and model retraining.

Figure 5. Sensitivity of forecasting performance to the number of retained SHAP–LIME features.
Each panel reports the test MAPE values obtained by retraining the five transformer-based architec-
tures with Top-5, Top-10, Top-15, and Top-20 asset-specific features. Results are averaged over ten
independent runs. The curves show that forecasting performance is generally stable across different
feature subset sizes, while the best number of retained features remains model- and asset dependent.

5.4.3. Comparison with Alternative Feature-Selection Strategies

To further examine whether the SHAP–LIME-based Top-15 subset provides an advan-
tage over simpler feature-selection strategies, an additional comparison was conducted
against two baseline selection methods: random Top-15 feature selection and absolute-
correlation-based Top-15 feature selection. The correlation-based baseline selected the
15 predictors with the highest absolute Pearson correlation with the target variable using
only the training partition, thereby avoiding information leakage from the validation or
test periods. The random baseline selected 15 predictors from the full feature space without
using either target information or model-attribution information. To reduce dependence on
a single random draw, the random baseline was averaged over multiple random subsets.

As shown in Figure 6, the differences among the feature-selection strategies are rela-
tively small and depend on the cryptocurrency asset. Averaged across all assets, models,
and runs, the overall MAPE values were 2.100% for the full feature representation, 2.121%
for the SHAP–LIME Top-15 subset, 2.077% for the absolute-correlation Top-15 subset, and
2.095% for the random Top-15 baseline. These results indicate that SHAP–LIME-based
feature refinement provides competitive forecasting performance while substantially reduc-
ing the feature space, although it does not uniformly outperform all alternative selection
strategies in terms of average MAPE.

The correlation-based baseline performs strongly in some settings, which suggests that
linear associations between technical indicators and future prices remain informative for
several cryptocurrency assets. However, unlike random or purely correlation-based selec-
tion, the SHAP–LIME Top-15 subset has the advantage of being model-aware and directly
interpretable since the selected predictors are derived from global and local explanation
scores of the trained forecasting models. Therefore, the role of the SHAP–LIME-based re-
finement should be interpreted not as a universally optimal feature-selection rule but as an
explainability-guided mechanism that provides a compact, interpretable, and competitive
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feature representation for transformer-based cryptocurrency forecasting. Furthermore, the
overall averages are summarized in Table 6.

Figure 6. Comparison of feature-selection strategies using the full feature representation, SHAP–LIME
Top-15 features, absolute-correlation Top-15 features, and random Top-15 features. Bars represent
mean test MAPE values, and error bars indicate standard deviations across the five transformer-based
architectures and cryptocurrency assets. The results show that the performance differences among
feature-selection strategies are asset dependent and that SHAP–LIME Top-15 provides a compact and
interpretable representation with competitive forecasting performance.

Table 6. Average MAPE comparison of feature-selection strategies across all assets, models, and runs.

Feature-Selection Strategy Average MAPE (%)

Full feature representation 2.100
SHAP–LIME Top-15 2.121
Absolute-correlation Top-15 2.077
Random Top-15 2.095

5.4.4. Run-to-Run Variability and Statistical Significance

To determine whether the observed performance differences between the full feature
representation and the SHAP–LIME Top-15 representation are attributable to stochastic
training variability, an additional run-to-run variability and statistical significance analysis
was conducted. For each model–asset combination, the MAPE values obtained from the
ten independent runs were compared between the full feature setting and the SHAP–LIME
Top-15 setting.

Because the number of repeated runs is relatively small and normality of the paired dif-
ferences cannot be assumed, the paired Wilcoxon signed-rank test was used to compare the
two feature representations. The null hypothesis was that the median paired difference in
MAPE between the full feature representation and the SHAP–LIME Top-15 representation
was zero. Statistical significance was assessed at the p < 0.05 level.

Figure 7 illustrates the run-to-run MAPE variability for the full feature representa-
tion and the SHAP–LIME Top-15 representation across the evaluated assets and trans-
former architectures. The distributions show that the magnitude and direction of the
feature-refinement effect vary across model–asset combinations, indicating that the effect
of explainability-guided feature reduction is not uniform.
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Figure 7. Run-to-run variability of test MAPE for the full feature representation and the SHAP–
LIME Top-15 representation across cryptocurrency assets and transformer-based architectures. Each
distribution corresponds to repeated independent runs under the same chronological train–validation–
test protocol. Different boxplot groups represent different feature representations and model–asset
combinations, while individual points indicate run-level MAPE values. The results show that the
effect of explainability-guided feature refinement varies across assets and models, motivating the use
of statistical testing rather than relying only on average MAPE values.

The paired significance analysis further confirms that the effect of SHAP–LIME-based
feature refinement is statistically and practically model-dependent. Statistically significant
MAPE reductions were observed for Informer on ETH and TFT on XRP. In contrast, statisti-
cally significant increases in MAPE were observed for TFT on BTC, Autoformer on ETH,
Autoformer on SOL, and Informer on XRP. The remaining model–asset combinations did
not show statistically significant differences at the p < 0.05 level. The model–asset combi-
nations for which the paired Wilcoxon signed-rank test indicates statistically significant
MAPE differences are summarized in Table 7.

Table 7. Model–asset combinations with statistically significant MAPE differences between the full
feature representation and the SHAP–LIME Top-15 representation according to the paired Wilcoxon
signed-rank test. Lower SHAP–LIME Top-15 MAPE values indicate improvement after feature
refinement, whereas higher values indicate degradation.

Asset Model Full MAPE
(%)

SHAP–LIME
Top-15 MAPE

(%)
p-Value

ETH Informer 2.171 2.122 0.0137
XRP TFT 1.895 1.871 0.0195
BTC TFT 1.177 1.220 0.0195
ETH Autoformer 2.218 2.289 0.0488
SOL Autoformer 2.337 2.366 0.0195
XRP Informer 2.349 2.664 0.0020

These results show that the MAPE differences are not purely attributable to random
noise in all cases; however, they also demonstrate that SHAP–LIME-based feature refine-
ment should not be interpreted as producing uniformly significant improvements across
all architectures and assets. Instead, the statistically supported conclusion is that the
Top-15 representation provides a compact and interpretable feature subset with competi-
tive forecasting performance, while the magnitude and direction of performance changes
remain dependent on the asset, architecture, and market conditions. Accordingly, the
claims in the manuscript were revised to avoid overgeneralizing the improvement effect of
explainability-guided feature selection.
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6. Discussion
The principal finding of this study is that explainability can be incorporated as an

active model-refinement mechanism rather than serving solely as a post hoc interpretation
tool. By integrating SHAP and LIME into the forecasting pipeline, the proposed frame-
work identifies asset-specific informative predictors and enables feature-space reduction
while maintaining competitive forecasting performance in several settings. Rather than
identifying a universally superior architecture or feature-selection strategy, the experiments
reveal that model architecture, asset-specific market dynamics, retained feature subset
size, and market conditions jointly influence forecasting behavior. The additional robust-
ness, sensitivity, alternative feature-selection, and statistical significance analyses further
show that explainability-guided feature refinement should be interpreted as a compact and
interpretable modeling strategy whose performance effect is model- and asset dependent.

The updated baseline results indicate that the Temporal Fusion Transformer (TFT)
provides the strongest overall performance when the full feature representation is used.
This result is consistent with the architectural design of TFT, which combines temporal
attention, gating mechanisms, and variable-selection components to process heterogeneous
financial predictors. In contrast, Informer, Autoformer, Reformer, and the Vanilla Trans-
former produce broadly competitive but asset-dependent results. These findings suggest
that architectural mechanisms designed for variable selection and temporal filtering can be
particularly beneficial in high-frequency cryptocurrency forecasting, although the relative
differences among architectures remain dependent on the asset being modeled.

After SHAP–LIME Top-15 feature refinement, TFT remains the strongest post-XAI
architecture in terms of MAPE across the evaluated assets. However, the effect of feature
refinement is not uniformly beneficial. Informer shows modest improvements for several
assets but deteriorates for XRP, Autoformer generally performs slightly better with the full
feature representation, and Reformer and the Vanilla Transformer exhibit mixed responses.
These results indicate that reducing the feature space can preserve competitive performance
in some settings, but may also remove complementary information that is useful for certain
architectures. Therefore, explainability-guided feature refinement should not be interpreted
as a universal mechanism for improving predictive accuracy, but rather as a structured
approach for constructing compact and interpretable feature representations.

One of the principal contributions of this study lies in integrating explainability
methods directly into the forecasting pipeline. In many previous studies, SHAP and
LIME are primarily employed to interpret trained models after prediction. In contrast,
the present framework uses explainability as a data-driven mechanism for feature refine-
ment. The SHAP and LIME analyses identify a relatively compact subset of momentum-,
trend-, volatility-, and volume-related indicators as influential predictors for the forecasting
models. Retraining the forecasting models using these asset-specific Top-15 feature subsets
shows that a reduced, explanation-guided feature space can retain competitive forecasting
performance while improving interpretability and reducing dimensionality. However, the
additional comparisons with Top-5, Top-10, Top-20, random Top-15, and correlation-based
Top-15 subsets indicate that the most favorable feature-selection strategy may vary across
assets and architectures.

From a financial forecasting perspective, these findings suggest that expanding the fea-
ture space with an increasing number of technical indicators does not necessarily improve
predictive performance. At the same time, aggressive feature reduction may remove useful
complementary signals, especially for architectures that benefit from broader multivariate
representations. The results therefore support a balanced interpretation: explainability-
guided feature refinement is valuable for improving model transparency and reducing
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dimensionality, but its predictive effect should be evaluated empirically for each asset,
architecture, and market regime.

The additional market-regime and sudden-jump analyses further show that average fore-
casting errors should not be interpreted in isolation. Sudden price-jump hours substantially
increase prediction errors across all evaluated architectures, confirming that abrupt market
movements remain challenging for transformer-based forecasting models. The SHAP–LIME
Top-15 representation slightly reduces the average jump-hour error inflation compared with
the full feature representation, but this improvement is modest and model-dependent. These
findings highlight the importance of evaluating forecasting robustness under non-average
market conditions, particularly in highly volatile cryptocurrency markets.

The sensitivity and feature-selection baseline analyses provide further evidence that
the Top-15 subset is best interpreted as a conservative dimensionality-reduction strategy
rather than a universally optimal feature subset. Top-5, Top-10, Top-15, and Top-20 rep-
resentations yield broadly comparable results, and the correlation-based Top-15 baseline
performs strongly in some settings. Nevertheless, the SHAP–LIME-based subset has the
advantage of being model-aware and directly interpretable, since the selected predictors
are derived from global and local explanation scores. This makes the proposed approach
especially useful when interpretability and feature transparency are important alongside
forecasting accuracy.

Overall, the results demonstrate that explainability should not be viewed solely as a post
hoc interpretation technique. Instead, integrating SHAP and LIME into the model develop-
ment process enables the construction of more compact and interpretable forecasting models
with competitive predictive performance. The proposed framework therefore contributes not
only to transformer-based cryptocurrency forecasting but also to the broader development of
explainable machine-learning methodologies for financial time-series analysis.

7. Limitations and Future Work
Despite the encouraging results obtained by the proposed explainability-guided fore-

casting framework, several limitations should be acknowledged.
First, the study relies exclusively on historical market information represented by

OHLCV variables and engineered technical indicators. Although these features capture im-
portant aspects of market behavior, they do not encompass the full spectrum of information
influencing cryptocurrency prices. External information sources, including macroeconomic
announcements, regulatory events, on-chain blockchain metrics, order-book dynamics,
financial news, and investor sentiment extracted from social media, were intentionally
excluded to isolate the contribution of technical market indicators. Integrating these hetero-
geneous information sources may further enhance forecasting performance, particularly
during periods of elevated market uncertainty.

Second, the proposed framework was evaluated using hourly market data. Hourly
forecasting provides a realistic setting for many short-term trading and decision-support
applications; however, it is also characterized by considerable market noise and rapidly
changing temporal dynamics. Consequently, the conclusions reported in this study should not
be interpreted as directly transferable to lower-frequency forecasting problems, such as daily
or weekly prediction, where market behavior may exhibit different statistical characteristics.

Third, the experimental evaluation was conducted on five major cryptocurrencies
(BTC, ETH, SOL, XRP, and DOGE). Although these assets represent different levels of mar-
ket capitalization, liquidity, and volatility, the generalizability of the proposed framework
to other financial domains remains an open research question. Future studies should inves-
tigate its applicability to equities, foreign exchange markets, commodities, exchange-traded
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funds, and multi-asset portfolios to evaluate the robustness of the explainability-guided
forecasting strategy under diverse financial conditions.

Another limitation concerns the explainability techniques employed in this work.
The proposed framework utilizes SHAP and LIME because they provide complementary
global and local interpretations while remaining model-agnostic. Nevertheless, other
explainability approaches, including Integrated Gradients, DeepSHAP, attention-based
attribution methods, and counterfactual explanations, may provide additional insights into
transformer decision mechanisms. Comparing multiple explainability paradigms within a
unified forecasting framework represents an interesting direction for future research.

Furthermore, the present study focuses on deterministic point forecasting. While point
predictions are widely adopted in financial forecasting, they do not explicitly quantify
predictive uncertainty. Future research may therefore incorporate probabilistic forecasting
methods, prediction intervals, or uncertainty-aware deep learning techniques to better
support risk-sensitive financial decision making.

The exclusion of non-transformer baselines, including ARIMA, GARCH, LSTM, and
GRU, is another limitation of the present study. These models were discussed as part of
the methodological background, but the empirical analysis was deliberately restricted to
transformer-based architectures in order to provide a controlled comparison within the
transformer family. Future work should extend the benchmark by incorporating economet-
ric, recurrent, hybrid, and ensemble baselines to further assess the relative advantages of
explainability-guided transformer forecasting.

Finally, recent advances in foundation models and large language models create new
opportunities for financial forecasting. Future extensions of the proposed framework may
integrate transformer-based time-series models with multimodal financial information,
retrieval-augmented knowledge, or large language models capable of incorporating textual
financial information alongside numerical market data. Such hybrid architectures may
provide more comprehensive representations of financial markets while preserving the
explainability and feature refinement strategy proposed in this study.

8. Conclusions
This study demonstrated that explainability can be integrated into transformer-based

financial forecasting not only for model interpretation but also as an effective mechanism
for explainability-guided feature refinement. Unlike conventional forecasting studies that
employ explainability solely for post hoc model interpretation, the proposed framework
incorporates explainability directly into the model development process to identify in-
formative predictors and construct compact, asset-specific feature representations. The
experimental evaluation was conducted on five major cryptocurrencies (BTC, ETH, SOL,
XRP, and DOGE) using a chronological train–validation–test protocol and multiple trans-
former architectures, including Informer, Autoformer, Reformer, Vanilla Transformer, and
Temporal Fusion Transformer.

The experimental results demonstrate that transformer architectures provide competi-
tive forecasting capability for hourly cryptocurrency markets, although their performance
varies across assets and feature representations. Under the full feature setting, TFT achieved
the strongest overall performance in terms of MAPE across the evaluated assets. After
SHAP–LIME Top-15 feature refinement, TFT also retained the strongest post-XAI perfor-
mance, while the remaining architectures exhibited model- and asset-dependent responses
to feature reduction. These findings indicate that architectural design, feature representa-
tion, and market characteristics jointly influence forecasting performance.

The explainability-guided feature refinement analysis shows that SHAP–LIME-based
feature selection can produce compact and interpretable feature subsets while maintaining
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competitive forecasting performance in several settings. However, the additional sensitiv-
ity, alternative feature-selection, and statistical significance analyses demonstrate that the
Top-15 subset should be interpreted as a conservative dimensionality-reduction strategy
rather than a universally optimal feature-selection rule. In particular, the effect of fea-
ture refinement remains dependent on the cryptocurrency asset, transformer architecture,
retained feature subset size, and market conditions.

From a methodological perspective, the principal contribution of this study is the
integration of explainability into the forecasting pipeline as an active feature-refinement
mechanism rather than a purely interpretive tool. The results indicate that momentum-,
trend-, volatility-, and volume-related indicators often play important roles in hourly
cryptocurrency forecasting. At the same time, the comparison with random and correlation-
based feature-selection baselines shows that explainability-guided feature reduction should
be assessed together with simpler selection strategies and statistical variability.

The proposed framework contributes to the growing body of research on explainable
artificial intelligence for financial time-series forecasting by demonstrating that model trans-
parency can be enhanced while maintaining competitive predictive performance. Beyond
cryptocurrency forecasting, the methodology can be extended to other financial forecasting
problems where feature redundancy, model interpretability, and predictive robustness are
equally important. It is therefore expected that the integration of explainability-driven
feature refinement with advanced deep learning architectures will play an increasingly
important role in the development of trustworthy and interpretable intelligent decision-
support systems for financial markets.
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