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Abstract

Accurate next-day stock price forecasting remains challenging because daily price changes
have a low signal-to-noise ratio and can be strongly affected by short-lived news shocks,
order-flow imbalances, and abrupt changes in volatility or market sentiment. This study
presents a controlled empirical comparison of deep learning architectures for next-day stock
price forecasting using technical indicators. Using a decade-long daily dataset covering
four large-cap NASDAQ equities (AAPL, META, SBUX, and TSLA), multivariate input
sequences are constructed by combining historical prices with five widely used technical
indicators: exponential moving average (EMA), relative strength index (RSI), moving aver-
age convergence divergence (MACD), on-balance volume (OBV), and average true range
(ATR). Four deep sequence architectures—long short-term memory (LSTM), bidirectional
LSTM (BiLSTM), gated recurrent unit (GRU), and convolutional LSTM (ConvLSTM)—are
evaluated across multiple lookback windows (5, 15, and 30 trading days) and chronological
train/validation/test splits (60-20-20, 70-15-15, and 80-10-10). Hyperparameters are
optimized through random search, and forecasting performance is assessed on held-out
test sets using normalized-scale root mean squared error (RMSE) and out-of-sample R2.
Within the examined fixed chronological partitions, ConvLSTM records the lowest observed
RMSE for all four equities, attaining values between 0.0256 and 0.0394 and out-of-sample
R? values above 0.90. Because the evaluation does not include walk-forward validation
or formal statistical significance testing, these results should be interpreted as descriptive
evidence within the present experimental setting rather than as proof of general archi-
tectural superiority. To assess practical utility, forecasts are translated into a transparent
long-only trading rule that enters the market when the predicted next-day closing price
exceeds the current closing price. Out-of-sample backtesting shows that the frictionless
forecast-driven strategy achieves higher terminal cumulative returns than Buy-and-Hold
for AAPL, SBUX, and TSLA, while Buy-and-Hold remains superior for META. Approxi-
mate five-day-frequency risk-adjusted estimates generally reinforce these relative patterns:
the ConvLSTM strategy improves the Sharpe, Sortino, and Calmar ratios for AAPL, SBUX,
and TSLA, although TSLA remains exposed to substantial drawdown risk. Transaction-cost
sensitivity analysis further indicates that the terminal-return gains weaken under trading
frictions and are particularly sensitive for AAPL. The findings demonstrate the value of
evaluating forecasting architectures through both statistical and financial criteria, while
emphasizing that lower point-forecast error does not necessarily translate into superior
economic or risk-adjusted performance.

Keywords: stock price forecasting; technical indicators; deep learning; financial time series;
convolutional LSTM; trading strategy evaluation
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1. Introduction

Financial markets aggregate vast amounts of information into prices, yet short-horizon
price movements remain difficult to predict reliably [1]. Equity time series are difficult to
model at the next-day horizon because the signal-to-noise ratio of daily price changes is
low, short-term returns are strongly affected by transient order-flow imbalances and news
shocks, and the data-generating process can change rapidly after earnings announcements,
macroeconomic releases, monetary-policy updates, or sector-specific events. These effects
are especially relevant for one-step-ahead forecasting because the model must infer a small
expected price movement from recent observations while being exposed to abrupt changes
in volatility, trend direction, and market sentiment.

Financial returns also exhibit well-documented stylized properties, including volatil-
ity clustering, conditional heteroscedasticity, and deviations from simple random-walk
behavior [2-5]. These characteristics further complicate the design of forecasting models
that generalize out-of-sample. Despite these challenges, next-day forecasting continues
to attract sustained interest because even small predictive edges can be valuable when
translated into systematic decision rules. This argument is consistent with quantitative-
finance research showing that modest return predictability can have economic value when
evaluated through portfolio allocation, market timing, or mean—variance utility rather than
statistical accuracy alone [6-8]. Furthermore, empirical findings suggesting mean-reverting
behavior over certain horizons continue to motivate the search for exploitable predictive
structure in financial markets [9].

Traditional approaches to short-horizon forecasting have ranged from linear time-
series models and econometric specifications to modern machine-learning frameworks
capable of capturing complex nonlinear relationships among financial variables. The
importance of modeling nonlinear dependencies in economic and financial time series has
long been recognized, as linear formulations are often unable to represent the complex
dynamics observed in real-world markets [10,11]. In practice, a large body of trading and
quantitative analysis relies on technical indicators—transformations of price, volume, and
volatility intended to summarize trend, momentum, and market pressure [12]. Indicators
such as the exponential moving average (EMA), relative strength index (RSI), moving
average convergence divergence (MACD), on-balance volume (OBV), and average true
range (ATR) are widely used, as they compactly encode interpretable market dynamics
and can be computed consistently across assets and time periods [12,13]. Empirical finance
has also examined the behavior of simple technical trading rules in historical data [14].
Nevertheless, the predictive value of indicators is often sensitive to market regimes and
may not be captured well by models that impose strong linearity assumptions or require
strict stationarity.

Deep learning models for sequential data offer a complementary perspective [15]. Re-
current neural networks (RNNs), including long short-term memory (LSTM) [16] and gated
recurrent unit (GRU) [17] architectures, can model temporal dependencies and nonlinear
interactions without requiring explicit parametric forms. Bidirectional variants can exploit
contextual relationships within an observed input window [18]; when applied to forecast-
ing, such models must be evaluated under strict time-ordered splits to avoid look-ahead
bias. In addition, convolutional-recurrent hybrids can extract local patterns from multivari-
ate sequences before integrating them over time [19,20], potentially improving sensitivity
to short-term structures such as transient momentum bursts or volatility clustering. These
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properties make deep architectures attractive candidates for next-day prediction when the
input includes multiple indicator streams alongside raw prices. Accordingly, the litera-
ture increasingly adopts deep architectures for financial forecasting and trading-oriented
prediction, as summarized in recent empirical studies and surveys [21-23].

A persistent gap in much of the forecasting literature is the connection between
predictive accuracy and practical utility. Models that reduce error metrics do not necessarily
produce profitable decisions once forecasts are converted into trades. Conversely, modest
improvements in directional accuracy can sometimes be more useful than small gains
in point-forecast root mean squared error (RMSE). Therefore, evaluating a forecasting
model solely by statistical metrics can be misleading if the intended application is decision-
making [24].

This article addresses these issues through a focused empirical investigation of next-
day stock price forecasting for four large-cap NASDAQ-listed equities: Apple (AAPL),
Meta Platforms (META), Starbucks (SBUX), and Tesla (TSLA). Using a decade-long daily
dataset, we construct multivariate input sequences combining historical prices with five
widely used technical indicators—EMA, RSI, MACD, OBV, and ATR—and evaluate four
deep sequence architectures: LSTM [16], bidirectional LSTM (BiLSTM) [18], GRU [17], and
convolutional LSTM (ConvLSTM) [19]. The models are assessed across multiple lookback
windows (5, 15, and 30 trading days) and chronological train/validation/test partitions
(60-20-20, 70-15-15, and 80-10-10), with hyperparameters selected through random search
using KerasTuner (version 1.4.8) [25].

The present study does not propose a new neural architecture, learning algorithm,
or optimization method. Its scientific contribution is empirical and evaluation-oriented,
and the study is positioned as a controlled benchmark of established deep sequence ar-
chitectures within a clearly defined next-day financial forecasting setting. Rather than
claiming model-level methodological novelty, the analysis examines whether architectural
differences remain observable when the dataset, technical-indicator representation, forecast-
ing target, preprocessing pipeline, hyperparameter-tuning procedure, and chronological
evaluation protocol are held constant.

Within this scope, the study makes three contributions. First, it provides a controlled
comparison of LSTM, BiLSTM, GRU, and ConvLSTM using the same technical-indicator-
enhanced multivariate representation across four equities with heterogeneous market
behavior. Second, it evaluates the sensitivity of the architectures to multiple lookback win-
dows and chronological train/validation/test partitions, thereby examining whether their
relative performance remains consistent across alternative experimental settings. Third, it
connects point-forecast accuracy with terminal-return, transaction-cost, and approximate
risk-adjusted evaluations. This combined analysis demonstrates that the architecture pro-
ducing the lowest forecasting error does not necessarily provide the strongest economic or
risk-adjusted performance. The contribution, therefore, lies in the controlled evaluation
design and in the empirical distinction between statistical forecasting quality and practical
financial usefulness, rather than in the introduction of a new forecasting model. Accord-
ingly, the reported architecture rankings should be interpreted as hypothesis-generating
comparative evidence within the defined experimental setting, rather than as a definitive
benchmark of general model superiority.

Within the examined configurations, the observed ConvLSTM results suggest that
convolutional-recurrent processing may be beneficial for next-day forecasting; however,
this descriptive pattern does not establish broader or statistically significant architectural
superiority. The paper also emphasizes the limits of inference from backtests. In particular,
any conclusions regarding deployable profitability must be tempered by realistic trading
frictions (transaction costs, bid—ask spreads, slippage, and market impact) and by the need

https://doi.org/10.3390 /math14152736


https://doi.org/10.3390/math14152736

Mathematics 2026, 14, 2736

4 0f 33

for robustness checks across time periods and market regimes. The objective is not to
claim a universally profitable trading system, but to evaluate whether technical-indicator-
based deep learning forecasts contain actionable structure under a clear and reproducible
experimental protocol.

The remainder of the article is organized as follows: Section 2 reviews related work
on technical-indicator forecasting and deep learning for financial time series. Section 3
describes the dataset, feature construction, and preprocessing pipeline. Section 4 presents
the forecasting models and the hyperparameter tuning procedure. Section 5 details the
experimental design, evaluation metrics, and the forecast-driven trading rule. Section 6
presents the empirical results and discusses their implications. Section 7 concludes with
limitations and directions for future work. Finally, Appendix A provides the mathematical
formulations of the technical indicators used in the study.

2. Related Work

The literature on stock-market forecasting has evolved from traditional technical
trading rules and statistical models to machine-learning and deep-learning approaches
capable of extracting complex temporal patterns from financial data. Alongside advances
in forecasting algorithms, increasing attention has been devoted to the role of technical
indicators, model evaluation protocols, and the relationship between predictive accuracy
and trading performance. This section reviews the most relevant strands of the literature
and positions the present study within the broader context of financial forecasting research.

Research on stock forecasting using historical market data spans technical trading
rules, classical machine-learning approaches based on engineered features, and more recent
deep-learning architectures capable of learning temporal representations directly from
financial time series. Comprehensive reviews have documented the evolution of forecast-
ing methodologies from statistical and soft-computing approaches toward increasingly
sophisticated machine-learning frameworks [26]. Recent research has also demonstrated
the growing importance of machine-learning techniques in empirical asset pricing and fi-
nancial prediction tasks, further motivating the adoption of nonlinear modeling approaches
in financial applications [11]. Early studies examined whether transformations of past
prices and volume contain exploitable information, reporting mixed evidence regarding
the profitability of technical trading rules [14,27]. Subsequent work highlighted the impor-
tance of rigorous evaluation procedures, showing that apparent gains may be inflated by
data snooping and that results often depend on market conditions, testing protocols, and
transaction costs [28-30].

Before the widespread adoption of deep learning, many studies used technical indi-
cators as engineered inputs for shallow neural networks, support vector machines, and
hybrid forecasting systems. Previous work demonstrated that indicator-based feature
engineering could improve stock prediction performance across different markets and
forecasting settings [31-35]. Collectively, these studies established the practical usefulness
of technical indicators, while also revealing the limitations of manually specified predictors
and models that struggle to capture long-range nonlinear temporal dependencies.

The transition to deep learning shifted the literature toward representation learning
from sequential financial data. Early applications of deep learning demonstrated that
neural architectures could model complex temporal dependencies more effectively than
many traditional forecasting approaches, including LSTM-based forecasting frameworks
and hybrid deep-learning models combining feature extraction and sequential prediction
components [36—40]. A large-scale empirical study [21] showed that LSTM-based models
can outperform several benchmark approaches in predicting daily stock movements, while
later surveys confirmed the growing dominance of recurrent and hybrid deep-learning ar-
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chitectures in financial forecasting research [22,23]. More recent studies have also leveraged
high-frequency and limit-order-book representations, further demonstrating the flexibility
of deep-learning architectures for extracting predictive information from complex financial
data structures [41].

A parallel line of work augments recurrence with convolutional feature extraction to
capture local temporal motifs before longer-range sequence integration. Convolution-based
approaches have been applied both to transformed technical-indicator representations and
to multivariate financial inputs, demonstrating the usefulness of local pattern extraction
in forecasting and trading-oriented tasks [42,43]. Particularly relevant to the present
study, ConvLSTM-based approaches have shown promise in learning hierarchical temporal
representations from structured financial sequences [44]. Although originally developed
outside the financial domain, ConvLSTM combines convolutional feature extraction with
gated temporal modeling, making it a natural candidate for forecasting tasks based on
multivariate technical-indicator windows.

Recent time-series forecasting research has expanded beyond recurrent and
convolutional-recurrent architectures to include attention-based, Transformer-based, and
multilayer-perceptron-based models. For example, the Temporal Fusion Transformer com-
bines recurrent processing, variable-selection mechanisms, and interpretable self-attention
for multivariate forecasting [45], while Informer introduces an efficient sparse-attention
mechanism for long-sequence prediction [46]. More recently, TSMixer has demonstrated
that temporal and cross-variable interactions can also be modeled through multilayer-
perceptron mixing operations [47]. These architectures represent important contemporary
forecasting alternatives. However, the present study is intentionally restricted to a con-
trolled comparison of recurrent and convolutional-recurrent architectures and therefore
does not constitute a comprehensive benchmark against the current state of the art.

Several recent studies lie especially close to the setting considered herein, as they
combine daily market variables with technical indicators and then assess predictive or
trading performance. Prior work has demonstrated that both forecasting accuracy and
trading performance depend strongly on the selected indicator set, model architecture,
and forecast-to-trade mapping [48-51]. Forecast performance can also depend on the
length of the historical input window used to construct model features, an issue that has
received comparatively less attention despite its potential influence on model behavior
and generalization [52]. These findings highlight the importance of evaluating forecast-
ing models under consistent datasets, feature sets, and validation procedures. Another
important research direction has explored classification-oriented formulations of financial
prediction problems using deep neural networks, demonstrating that machine-learning
approaches can be effective even when the forecasting objective is transformed into a
directional decision task [53].

Another notable distinction in the literature concerns the prediction target itself. Many
deep-learning studies formulate the problem as a classification task, focusing on directional
movement prediction rather than direct estimation of future price levels [21,38,49]. While
directional formulations are attractive for trading-rule design, they do not directly evaluate
the accuracy of next-day price forecasts. In contrast, regression-based approaches aim to
estimate future closing prices explicitly, providing a different perspective on forecasting
performance and practical utility [48].

A further important issue concerns model evaluation. Forecasting accuracy and eco-
nomic decision value are related but not equivalent concepts [54]. In financial applications,
improvements in statistical error metrics do not necessarily translate into superior trading
outcomes, particularly when trading rules, directional errors, transaction costs, and market
frictions are taken into account [21,49]. Moreover, methodological studies have highlighted
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the importance of using evaluation procedures that respect temporal dependencies and
avoid information leakage [24,55]. These considerations motivate the strictly chronological
train/validation/test partitions adopted in the present study and the explicit separation
between forecasting accuracy and trading-performance evaluation.

Although numerous comparative studies of financial forecasting methods already
exist, their findings are often difficult to compare directly because of substantial differ-
ences in datasets, input features, prediction targets, lookback horizons, data-partitioning
procedures, evaluation metrics, and trading assumptions. Therefore, the purpose of the
present comparison is not to address an absence of comparative research, but to provide
a controlled evaluation in which the dataset, technical-indicator representation, forecast-
ing target, hyperparameter-tuning procedure, and chronological evaluation protocol are
held constant across architectures. This design helps distinguish architecture-related per-
formance differences from those arising from heterogeneous experimental settings. In
addition, the joint assessment of forecasting accuracy and trading performance makes it
possible to examine whether improvements in statistical prediction translate into greater
economic utility.

Deep learning is not the only viable approach to financial time-series forecasting.
Classical statistical models, such as ARIMA [56], and non-neural machine-learning meth-
ods, including Random Forests, gradient-boosting models, XGBoost, and support vector
machines, constitute important forecasting alternatives and comparative baselines. Re-
cent adaptive forest-based approaches, such as improved multi-granularity cascade forest
frameworks, combine multi-granularity temporal processing, tree-based feature derivation,
and embedded feature selection to improve forecasting performance in complex dynamic
environments [57]. These complementary capabilities may be particularly beneficial for
high-dimensional, heterogeneous, and noisy inputs. Since the present study does not
evaluate these models using the same financial dataset and experimental protocol, no
theoretical or empirical superiority of ConvLSTM over adaptive tree-based approaches
is claimed. The present study intentionally adopts a narrower scope by comparing deep
sequence architectures under a common experimental protocol. These architectures were
selected because they can directly process ordered multivariate lookback windows and
learn nonlinear temporal dependencies and interactions among technical indicators with-
out requiring the sequence to be represented solely through manually specified lag features.
This choice does not imply that deep learning is universally necessary or superior to statis-
tical and non-neural methods; rather, the objective is to investigate how different recurrent
and convolutional-recurrent mechanisms perform when the dataset, input representation,
forecasting target, and evaluation procedure are held constant.

Collectively, the literature suggests that technical indicators remain a practical means
of enriching daily market data, while recurrent and convolutional-recurrent architectures
represent some of the most promising approaches for modeling nonlinear temporal depen-
dencies in financial time series. At the same time, existing studies differ substantially in
terms of datasets, feature sets, forecasting targets, evaluation methodologies, and trading
assumptions, making direct comparisons difficult. Motivated by these observations, the
present study provides a systematic comparison of LSTM, BiLSTM, GRU, and ConvLSTM
architectures using a common set of widely used technical indicators (EMA, RSI, MACD,
OBV, and ATR) across multiple lookback horizons and evaluation settings. In addition to
conventional forecasting metrics, the study investigates whether improvements in statistical
prediction accuracy translate into superior out-of-sample trading performance.
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3. Dataset and Feature Construction

For the conducted analysis, we use a publicly available daily equity dataset covering
ten large, actively traded NASDAQ-listed companies—Apple, Starbucks, Microsoft, Cisco
Systems, Qualcomm, Meta Platforms, Amazon, Tesla, Advanced Micro Devices, and Net-
flix [58]. Each record corresponds to one company on one trading day and includes Company
(ticker), Date, Close/Last, Volume, Open, High, and Low. The sample spans approximately
a decade of daily observations (18 July 2013 to 17 July 2023) and was collected via web
scraping from publicly available NASDAQ webpages.

For the experiments in this study, we focus on four large-cap equities: Apple (AAPL),
Meta Platforms (META), Starbucks (SBUX), and Tesla (TSLA). These stocks were selected
to provide a compact but heterogeneous evaluation set drawn from the available dataset.
The selection was guided by three criteria: (i) sectoral diversity, since the selected com-
panies represent different business areas, including consumer technology, social media
and digital advertising, consumer services, and electric vehicles; (ii) heterogeneity in price
dynamics, since the selected equities exhibit different levels of trend persistence, volatility,
growth behavior, and drawdown patterns; and (iii) data continuity and liquidity, since all
four stocks have long daily trading histories and are actively traded large-cap NASDAQ
equities. The purpose of this selection is not to represent the entire equity market, but to
test the forecasting models on assets with different market behaviors under a consistent
experimental protocol.

Figure 1 presents the daily closing-price evolution of the four selected equities over the
full sample period. The series show substantial differences in price level, trend structure,
and volatility. META and TSLA exhibit pronounced growth phases followed by sharp
corrections, while AAPL displays a smoother long-term upward trajectory. SBUX shows
comparatively lower volatility and a more moderate price range. These differences support
the use of multiple equities rather than a single stock, as they allow the forecasting models
to be evaluated under heterogeneous market dynamics.

400

3504

Close/Last ($)
N
o
S

2014 2015 2016 2017 2018 2019 2020 2021 2022 2023 2024
Date

Figure 1. Daily closing price evolution of AAPL, META, SBUX, and TSLA (2013-2023).

The raw data are first filtered by ticker and sorted chronologically by Date. Dates
are parsed into a standard datetime format, and non-numeric characters, such as currency
symbols, are removed from the price fields before casting them to floating-point values.
Observations with missing values are discarded, including the initial warm-up period
in which certain technical indicators are undefined due to their lookback windows. Be-
cause the analysis is conducted on a per-asset basis, each ticker’s time series is processed
independently to prevent cross-asset leakage.

To construct the model inputs, we combine the closing price with a compact set of
widely used technical indicators intended to summarize trend, momentum, volatility, and
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volume dynamics [12,13]. Specifically, we construct the exponential moving average (EMA),
relative strength index (RSI), moving average convergence divergence (MACD), on-balance
volume (OBV), and average true range (ATR). All indicators are computed causally from
the available OHLCYV fields, and the first observations for which an indicator is undefined
are removed. The exact formulas and parameterizations used are provided in Appendix A.

Table 1 summarizes the input variables used for forecasting. The selected features
combine the original closing price with indicators capturing complementary aspects of
market behavior: trend, momentum, volume pressure, and volatility.

Table 1. Input features used for forecasting.

Feature Description

Close Daily closing price

EMA Exponential Moving Average

RSI Relative Strength Index

MACD Moving Average Convergence Divergence
OBV On-Balance Volume

ATR Average True Range

The forecasting task is next-day closing price prediction. Let P; denote the closing
price (Close/Last) on day t, and let x; € R? denote the feature vector at day ¢, consisting
of the scaled closing price and the indicator values. In this study, each daily feature
vector contains six variables: the closing price together with EMA, RSI, MACD, OBV, and
ATR. Given a lookback length L, each supervised sample is formed as the input sequence
Xt = [Xt—r+41,--.,X] with target y; = P;11. We evaluate L € {5,15,30} to study how
different historical contexts affect next-day forecasting performance. These values were
selected to represent short-, medium-, and longer-term input horizons commonly used in
daily financial forecasting studies while also enabling an assessment of model sensitivity to
the amount of historical information available [52].

All features are scaled using Min-Max normalization fitted on the training segment of
each ticker’s time series, and the same scaler is applied to the validation and test segments to
avoid information leakage. Model predictions are inverse-transformed back to the original
price scale for plotting and for the trading-rule analysis. Forecasting metrics, including
RMSE and out-of-sample R?, are computed on the Min-Max-normalized target scale.

To preserve temporal causality, each ticker’s series is split chronologically into training,
validation, and test segments. We consider three split configurations (60-20-20, 70-15-15,
and 80-10-10) to assess robustness to the amount of training data and reduce sensitivity to
any single partition. All modeling choices, including hyperparameter selection, are based
solely on the training and validation segments, and final results are reported exclusively on
the held-out test segment.

4. Deep Learning Models and Training Procedure

We formulate next-day closing-price forecasting as a one-step-ahead supervised learn-
ing problem in which a model receives a multivariate sequence of historical observations
and predicts the closing price of the subsequent trading day. For a lookback length L, each
model maps a multivariate window X; € RL*4 to a scalar prediction 13t+1- This section
presents the deep learning architectures considered in the study together with the training,
regularization, and hyperparameter-optimization procedures applied consistently across
all assets and experimental configurations.
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4.1. Model Architectures

To investigate the effect of architectural design on forecasting performance, we com-
pare four representative sequence-model families that differ in the way temporal dependen-
cies are encoded and aggregated: LSTM [16], GRU [17], bidirectional LSTM (BiLSTM) [18],
and ConvLSTM [19]. LSTM and GRU are recurrent baselines designed to capture nonlinear
temporal dependencies via gated hidden-state dynamics, with GRU offering a parameter-
efficient alternative. BILSTM computes forward and backward representations within the
observed input window and concatenates them; in our setup, bidirectionality is confined to
the historical window and does not introduce access to future test observations. ConvLSTM
combines convolutional operators with LSTM-style gating to learn short-range motifs in
multivariate sequences and aggregate them over time.

The LSTM, GRU, and BiLSTM models share the same high-level backbone, i.e., two
stacked recurrent layers followed by a linear regression head. The first recurrent layer
returns a sequence of hidden states, while the second layer returns a single summary vector.
Batch Normalization [59] and Dropout [60] are applied after each recurrent layer to stabilize
training and reduce overfitting. The final Dense layer has one unit and linear activation to
produce P; 1. For BILSTM, each recurrent layer is wrapped with a bidirectional operator
and the forward /backward outputs are concatenated.

ConvLSTM replaces the affine transformations inside the LSTM gates with convolu-
tional operations [19]. Let N denote the number of samples, L the lookback length, and
d = 6 the number of input features. The original input to all architectures is therefore repre-
sented as X € RN*L*4, Because the standard ConvLSTM2D layer expects a five-dimensional
tensor under the channels-last convention, the input is reshaped as

Z € RN*LxIxdx1 Zuipjg = Xu- (1)

The five dimensions correspond respectively to the batch size, recurrent time steps,
spatial height, feature-axis width, and input channels. For example, a lookback window of
L = 15is represented as a tensor of shape N x 15 x 1 x 6 x 1. The ConvLSTM recurrent state
evolves across the L historical observations, while the adopted (1,3) convolutional kernel
operates across groups of three neighboring positions on the feature axis at each recurrent
step. Consequently, the convolutional component learns localized combinations among
the supplied price and technical-indicator features, while the recurrent gates aggregate
information across the ordered lookback window. The final ConvLSTM feature map is
passed through Batch Normalization and Dropout and is subsequently flattened before
being mapped to the scalar next-day price forecast by a linear Dense output layer.

Figure 2 summarizes the common forecasting pipeline adopted in this study. All mod-
els receive the same multivariate input window and share the same normalization,
regularization, and prediction stages. The only component that varies across config-
urations is the sequence encoder, which is instantiated as an LSTM, GRU, BiLSTM,
or ConvLSTM architecture.

4.2. Training Objective, Regularization, and Optimization

All models are trained to minimize mean squared error (MSE) on the training set,
while mean absolute error (MAE) is monitored during training for additional diagnostics.
To ensure a fair comparison, identical optimization and regularization principles are ap-
plied across all architectures whenever applicable. To mitigate overfitting, recurrent and
ConvLSTM layers employ Dropout and an L1-L; kernel regularizer. Optimization uses
one of {Adam, SGD, RMSprop, AdaGrad} with a tuned learning rate.
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Figure 2. Common forecasting pipeline used across the evaluated deep learning architectures.

4.3. Hyperparameter Tuning and Early Stopping

Hyperparameters are selected with KerasTuner RandomSearch [25] by minimizing
validation loss (val_loss). For each configuration, defined by asset, lookback window L,
split ratio, and architecture, the tuner evaluates up to five trials, each trained for 100 epochs
with batch size 32. The number of random-search trials was set to five as a fixed and
computationally feasible tuning budget applied uniformly across all experimental configu-
rations. This choice was motivated by the size of the complete experimental design: four
stocks, four architectures, three lookback windows, and three chronological split ratios,
resulting in 144 forecasting configurations. Since tuning is performed separately for each
configuration, five trials already require up to 720 hyperparameter-search training runs,
followed by final retraining of the selected models. A full grid search over the reported
hyperparameter space would lead to a combinatorial number of candidate models and
was therefore impractical for the present comparative study. Random search was preferred
because it provides a more efficient exploration strategy under limited computational
budgets, particularly when only a subset of hyperparameters has a dominant influence
on validation performance [61]. The best trial is then rebuilt and retrained using Early
Stopping on validation loss, with patience set to 10 and best weights restored. In this final
training stage, batch size is selected from {16, 32,64} and the maximum number of epochs
from {50,100,200}.

Although random search provides a simple and reproducible strategy for exploring the
hyperparameter space under a fixed computational budget, more advanced optimization
methods could also be considered. Bayesian optimization, Hyperband, evolutionary search,
and multi-fidelity optimization strategies may improve search efficiency by adaptively
allocating trials toward more promising regions of the hyperparameter space [62,63]. Such
approaches can be particularly useful when the objective function is expensive to evaluate,
as in deep learning models for financial time series. In the present study, random search
was selected to maintain a consistent and transparent tuning protocol across all assets,
architectures, lookback windows, and split configurations. A direct comparison between
random search and more advanced hyperparameter-optimization strategies is beyond the
scope of the present work, but represents an important direction for future research.
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Table 2 summarizes the hyperparameter search space and training settings. The
selected ranges were chosen to provide sufficient architectural flexibility while maintaining
a computationally feasible tuning procedure across all assets, lookback windows, and
train/validation/test configurations.

Table 2. Hyperparameter search space and training settings.

Item Values

Lookback window L {5, 15, 30}

Recurrent units (Layer 1) 10-100 (step 10)

Recurrent units (Layer 2) 5-50 (step 5)

ConvLSTM filters 8-64 (step 8)

ConvLSTM kernel size (heightx feature axis) (1,3)

Activation function {tanh, relu}

Dropout rate {0.1, 0.2, 0.3, 0.4, 0.5}

Ly coefficient {0,106, 10>, 1074}

L, coefficient {0,106, 10>, 1074}
Optimizer {Adam, SGD, RMSprop, AdaGrad}
Learning rate {5x 1074, 1074, 5 x 1075}
Random search trials 5

Epochs per trial/batch size 100/32

Final training epochs/batch size {50,100,200}/{16,32,64}

To ensure fair comparison, all architectures are trained using the same preprocessing
pipeline, chronological data partitions, tuning methodology, and evaluation procedure.
Consequently, differences in forecasting performance can be attributed primarily to archi-
tectural characteristics rather than inconsistencies in experimental settings.

5. Experimental Design and Evaluation Metrics

This section describes the experimental protocol used to compare the forecasting archi-
tectures and evaluate their performance. The analysis considers both statistical forecasting ac-
curacy and practical trading utility, enabling the relationship between predictive performance
and decision-making outcomes to be examined under a consistent evaluation framework.
All experiments are conducted separately for each stock to avoid cross-asset leakage and to
account for the distinct statistical characteristics of individual equity time series.

5.1. Experimental Setup

For each stock and each model family (LSTM, BiLSTM, GRU, ConvLSTM), we evaluate
settings formed by the Cartesian product of (i) lookback window length L € {5,15,30}
and (ii) chronological split ratio in {60-20-20, 70-15-15, 80-10-10} (train/validation/test).
This yields 3 x 3 = 9 configurations per model per stock and 36 configurations per stock
when considering all four architectures. Considering the four examined equities, the
complete experimental campaign comprises 144 forecasting configurations, providing
a broad basis for comparative evaluation across architectures, lookback horizons, and
data-partition settings.

After training, next-day forecasts are generated on the held-out test inputs Xgest.
Forecasts are produced on the Min-Max-normalized scale used during training. Predictions
are inverse-transformed back to the original price scale only for plotting and for the trading-
rule analysis, using the scaler fitted on the training data.

The use of multiple chronological train/validation/test partitions provides a con-
trolled way to assess sensitivity to the amount of training and test data while preserving
temporal ordering. However, this protocol does not replace walk-forward or rolling-

https://doi.org/10.3390 /math14152736


https://doi.org/10.3390/math14152736

Mathematics 2026, 14, 2736

12 of 33

window validation, where models are repeatedly re-estimated over time. Therefore, the
reported results should be interpreted as evidence under fixed out-of-sample chronological
partitions rather than as a complete assessment of performance under continual model
updating. Walk-forward and rolling-window evaluation are left as important extensions
for future work.

5.2. Forecasting Evaluation

Forecasting performance is evaluated using widely adopted regression metrics that
capture average prediction error, error magnitude, and explained variance.

Let {P;}! , denote the true next-day closing prices in the test set on the Min-Max-
normalized scale and {131}?:1 the corresponding predictions on the same normalized scale.
We report mean squared error (MSE),

-~

MSE = — ) (P, - P)?, 0

S|
.M:

I
—

root mean squared error (RMSE),
RMSE = vMSE, 3)

and mean absolute error (MAE),
1 ~
MAE:EZ|Pi—Pi|. (4)
i=1

MSE and RMSE emphasize larger prediction errors, while MAE provides a direct
measure of average absolute deviation. Together, these metrics provide complementary
views of point-forecast accuracy.

We also report the out-of-sample (test-set) coefficient of determination,

" (P —P)?
R =1 LB =R 5
._p)2 ()

i1 (P
where P is the mean of {P;}""_;. All forecasting metrics are computed on the Min-Max-
normalized target scale, with the scaler fitted exclusively on the training segment and
subsequently applied to the validation and test segments to avoid information leakage.

5.3. Trading Evaluation

While forecasting metrics quantify statistical accuracy, they do not directly indicate
whether forecasts can support economically useful trading decisions. To provide a practical
perspective on model usefulness, forecasts are additionally evaluated through a simple
rule-based trading framework.

The Buy-and-Hold strategy serves as a passive benchmark representing continuous
market exposure throughout the test period. Its daily return is computed from consecutive
actual closing prices as

Pry1
Riy=—-1 6
= ©)
For the forecast-driven strategy, a binary trading signal is generated each day by
comparing the predicted next closing price to the current actual closing price:
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1, if Pyq > Py,
S = e ?)
0, otherwise.
The signal S; is formed at the end of day ¢ using information available up to P;, and
the strategy earns the close-to-close return from day f to day ¢ + 1 whenever S; = 1. The
resulting model-based strategy return is therefore defined as

Rmodel — g, Ry. 8)

To examine the sensitivity of the forecast-driven strategy to trading frictions, we
additionally evaluate cumulative returns under different transaction-cost assumptions. Let
c denote the one-way proportional transaction cost, combining commissions and slippage.
The cost is applied whenever the strategy changes position, that is, when it enters or exits
the market. With the initial previous position set to zero, daily turnover is computed as

T =[St — St ©)

The transaction-cost-adjusted return of the forecast-driven strategy is therefore de-
fined as
Rnodel = §,Ry — ¢y, (10)

where ¢ € {0.001,0.002,0.003,0.004,0.005}, corresponding to transaction costs from 0.1%
to 0.5%.

For Buy-and-Hold, the terminal cumulative-return multiple over the test horizon is
computed as

CRPEH =TT(1+Ry). (11)
t

For the frictionless forecast-driven strategy, cumulative return is computed as

CRmodel _ H(l + Rinodel), (12)
t

while for the transaction-cost-adjusted strategy it is computed as

CRznodel — H(l + RﬂOdd) . (13)
t

To complement the terminal cumulative return with risk-adjusted performance mea-
sures, we additionally estimate the annualized return, the Sharpe ratio, the Sortino ratio,
the maximum drawdown (MDD), and the Calmar ratio. These measures are calculated
from cumulative-wealth observations sampled at five-trading-day intervals. Let W) denote
cumulative wealth at sampled observation k, with Wy = 1, and let the corresponding
five-day return be

5) _ Wk
RV =
k Wi_1

—1. (14)

Assuming 252 trading days per year and a zero risk-free rate, annualized return is
estimated as

252

Rann = WKST -1, (15)
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5)

mean and sample standard deviation of the five-day returns. The annualized Sharpe ratio

where K denotes the number of five-day return observations. Let R® and s5 denote the

is calculated as

=)
Sharpe = @R— (16)
5 S5

The annualized Sortino ratio is calculated using downside deviation:

—(5)
Sortino = 252 R . (17)
N

mm R(5 0)2

Let My = maxo<;<x W; denote the running wealth maximum. Maximum drawdown
and the Calmar ratio are defined as

My — W,
M

MDD = ml?x( ), Calmar = Rann . (18)

MDD

Because supervised sequences of length L shift the effective start of the test examples,
the current and next actual prices used for trading evaluation are aligned with the first
available test prediction after accounting for the lookback window and split boundaries.

6. Results and Discussion

This section presents the empirical results obtained from the comparative evalua-
tion of the four deep learning architectures across the examined equities. The analysis
considers both forecasting accuracy and trading performance, enabling the relationship
between predictive quality and practical decision-making outcomes to be investigated. We
first compare the best-performing configurations of each architecture using quantitative
forecasting and trading metrics. Subsequently, stock-specific visualizations are examined
to assess prediction behavior over time and identify differences in tracking performance
across models. Finally, the results are synthesized through a cross-asset comparison that
highlights common patterns and asset-specific characteristics.

6.1. Forecasting Performance Comparison

Table 3 presents the best out-of-sample results achieved by each architecture for each
stock across all evaluated experimental configurations. For every model, the table reports
the configuration yielding the lowest test RMSE together with the corresponding out-of-
sample R?, cumulative Buy-and-Hold return, cumulative return of the forecast-driven
trading strategy, selected lookback window, data split, activation function, and optimizer.

Table 4 presents a cross-asset statistical summary based on the best out-of-sample
RMSE obtained by each architecture for each equity. ConvLSTM achieves the lowest mean
RMSE (0.0300) and median RMSE (0.0275), together with a mean rank of 1.00 and four
first-place results. GRU obtains the second-best mean rank of 2.75, followed by LSTM and
BiLSTM with mean ranks of 3.00 and 3.25, respectively. The mean RMSE of ConvLSTM is
approximately 27.4% lower than that of GRU, 28.8% lower than that of LSTM, and 33.3%
lower than that of BILSTM. These aggregated results demonstrate the consistency of the
observed ConvLSTM performance across the four examined equities and complement the
stock-specific comparisons reported in Table 3.

The results presented in Tables 3 and 4 reveal several consistent patterns. First,
ConvLSTM records the lowest observed RMSE for all four equities. This descriptive pattern
suggests that combining convolutional feature extraction with recurrent temporal modeling
may be beneficial within the examined configurations. The improvement is particularly
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pronounced for AAPL and META, where ConvLSTM reduces RMSE from 0.0362 to 0.0260
and from 0.0388 to 0.0256, respectively, relative to the strongest recurrent competitor.
Similar gains are observed for SBUX and TSLA, where ConvLSTM achieves RMSE values
of 0.0290 and 0.0394, outperforming all alternative architectures. ConvLSTM also attains
the highest or near-highest out-of-sample R? values across the examined equities, reaching
0.9770 for META and remaining above 0.90 for all four stocks.

Table 3. Best out-of-sample performance per stock and architecture.

Stock Model L Split Activation RMSE R? B&H Return  Strategy Return  Optimizer
AAPL LSTM 15  80-10-10 relu 0.0362 0.8828 1.26x 1.02x RMSprop
AAPL BiLSTM 5 60-20-20 tanh 0.0385  0.8260 1.30x 1.29x RMSprop
AAPL GRU 5 70-15-15 relu 0.0414 0.8827 1.27x 1.15x RMSprop
AAPL ConvLSTM 15  80-10-10 tanh 0.0260  0.9220 1.26 1.27x Adam
META LSTM 15 80-10-10 tanh 0.0447  0.9643 1.76 x 1.64x RMSprop
META BiLSTM 15 80-10-10 relu 0.0416  0.9506 1.76 x 1.31x RMSprop
META GRU 5 80-10-10 tanh 0.0388  0.9693 1.85x 1.41x RMSprop
META ConvLSTM 5 80-10-10 tanh 0.0256  0.9770 1.85x 1.53x RMSprop
SBUX LSTM 30 80-10-10 tanh 0.0415 0.7961 1.22x 1.20x RMSprop
SBUX BiLSTM 15 80-10-10 tanh 0.0410 0.8961 1.23x 1.32x RMSprop
SBUX GRU 30 80-10-10 relu 0.0372  0.8840 1.22x 0.91x RMSprop
SBUX ConvLSTM 5 80-10-10 tanh 0.0290  0.9043 1.27x 1.50x RMSprop
TSLA LST™M 5 80-10-10 tanh 0.0462 0.8783 1.17x 0.78 x RMSprop
TSLA BiLSTM 5 70-15-15 tanh 0.0589  0.8658 0.80x 0.52x RMSprop
TSLA GRU 5 80-10-10 tanh 0.0480 0.9274 1.17x 0.51x RMSprop
TSLA ConvLSTM 30 80-10-10 tanh 0.0394 0.9118 1.04 % 1.19x Adam

Table 4. Cross-asset statistical summary of the best observed architecture-specific RMSE values.

Architecture Mean RMSE Median RMSE Mean Rank First-Place Counts

LSTM 0.0422 0.0431 3.00 0
BiLSTM 0.0450 0.0413 3.25 0
GRU 0.0414 0.0401 2.75 0
ConvLSTM 0.0300 0.0275 1.00 4

Second, although LSTM, BiLSTM, and GRU generally provide competitive results,
their performance appears more sensitive to the selected lookback window and data
partition. BiLSTM does not consistently outperform the corresponding unidirectional
architectures, suggesting that bidirectional processing within a fixed historical window
offers limited benefits for this forecasting task. Moreover, no recurrent architecture emerges
as a consistently superior alternative across all assets, highlighting the dependence of
forecasting performance on stock-specific characteristics.

Third, forecasting accuracy and trading performance do not exhibit a direct one-to-one
relationship. For AAPL, SBUX, and TSLA, the best-performing ConvLSTM configurations
also achieve higher cumulative returns than Buy-and-Hold, reaching 1.27x versus 1.26 x for
AAPL, 1.50x versus 1.27 x for SBUX, and 1.19x versus 1.04x for TSLA. In contrast, META
produces the strongest forecasting metrics in the study (RMSE = 0.0256, R? = 0.9770), yet
the corresponding trading strategy achieves a cumulative return of only 1.53 x, compared
with 1.85x for Buy-and-Hold. This result illustrates that minimizing forecasting error does
not necessarily maximize investment performance when predictions are translated into
trading decisions.

The selected lookback windows also vary across assets. The best-performing config-
urations favor short or intermediate histories for AAPL and META (L = 15and L = 5,
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respectively), while TSLA benefits from a substantially longer context (L = 30). SBUX
likewise achieves its strongest ConvLSTM performance using a short lookback window
(L = 5). These differences suggest that the amount of useful historical information is
asset-dependent and influenced by the underlying dynamics of each equity.

Overall, ConvLSTM records the lowest observed forecasting error across the four
examined equities and produces the strongest trading outcomes for SBUX and TSLA, while
remaining competitive for AAPL. This pattern suggests that combining convolutional
feature extraction with recurrent temporal modeling may be beneficial within the present
experimental setting, but it does not establish superiority across broader assets or market
conditions. At the same time, the META results demonstrate that superior predictive
accuracy alone is insufficient to guarantee superior trading performance, emphasizing the
importance of evaluating forecasting models through both statistical and economic criteria.

It should be noted that the performance comparison reported in Table 3 is descriptive
and is based on the best out-of-sample configuration identified for each architecture and stock.
Although ConvLSTM achieves the lowest RMSE for all four examined equities, no formal
statistical significance test is conducted to determine whether these differences are statistically
significant across all configurations. Therefore, the reported advantage of ConvLSTM should
be interpreted as an empirical tendency observed within the present experimental setting
rather than as statistically proven dominance over the alternative architectures.

6.2. AAPL Results

For AAPL, Figure 3 presents the actual closing-price trajectory together with the corre-
sponding predictions generated by the four evaluated architectures. The plots correspond
to the best-performing configuration of each model and provide a qualitative assessment of
tracking accuracy, responsiveness to turning points, and the ability to reproduce the overall
market trend during the test period.

The four architectures exhibit markedly different forecasting behavior. LSTM and GRU
successfully capture the dominant trend of the series, including the mid-period decline
and subsequent recovery, although both models produce smoother trajectories than the
observed prices and tend to underestimate the strongest upward movements toward the
end of the test period. This smoothing effect is particularly visible for GRU, which remains
consistently below the actual trajectory during the final rally.

BiLSTM produces the weakest visual agreement with the observed series. Although it
captures some local fluctuations, the predicted trajectory remains confined to a relatively
narrow range and fails to reproduce the magnitude of the sustained upward trend. As a
result, the model exhibits a persistent level bias and substantial underestimation throughout
the second half of the test period.

ConvLSTM provides the closest correspondence to the actual price series. The model
accurately follows both the mid-period trough and the subsequent recovery while maintain-
ing a close alignment with the observed values during the final upward trend. Compared
with the recurrent architectures, ConvLSTM better preserves local temporal variations and
exhibits less lag around turning points, resulting in a trajectory that remains consistently
close to the ground-truth series.

The qualitative evidence presented in Figure 3 is consistent with the quantitative
findings reported in Table 3. ConvLSTM delivers the most faithful reconstruction of the
test-period dynamics, while LSTM and GRU capture the broader trend but smooth short-
term fluctuations. In contrast, BILSTM exhibits clear calibration issues and weaker trend
tracking, which is reflected in its inferior forecasting performance.
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Figure 3. Actual and predicted AAPL closing prices for the evaluated architectures. (a) AAPL-LSTM.
(b) AAPL-BiLSTM. (c¢) AAPL-GRU. (d) AAPL-ConvLSTM.

6.3. META Results

For META, Figure 4 presents the actual closing-price trajectory together with the corre-
sponding predictions generated by the four evaluated architectures. The plots correspond
to the best-performing configuration of each model and provide a qualitative assessment of
tracking accuracy, responsiveness to turning points, and the ability to reproduce the overall
market trend during the test period.

The four architectures successfully capture the major phases of the META price trajec-
tory, including the initial decline, the pronounced mid-period trough, and the sustained
upward trend that follows. Compared with the AAPL results, all models exhibit stronger
agreement with the observed series, indicating that the dominant market dynamics of
META are captured effectively by both recurrent and convolutional-recurrent architectures.

LSTM and GRU display very similar behavior throughout the test period. Both models
reproduce the location of the trough and follow the subsequent recovery closely, although
they smooth abrupt transitions and tend to underestimate the strongest upward movements
during the final phase of the rally. This effect is slightly more pronounced for GRU, whose
predictions remain consistently below the actual prices near the end of the test horizon.

BiLSTM demonstrates strong overall tracking performance and follows the observed
trajectory closely across most of the evaluation period. The model captures both the
decline and the subsequent recovery with relatively small deviations, although minor local
overestimations are visible around parts of the rebound and during sections of the upward
trend. Nevertheless, BILSTM exhibits substantially better calibration than observed in the
corresponding AAPL experiment.

ConvLSTM again provides the closest correspondence to the actual price series. The
model accurately reproduces both the depth and timing of the trough while maintaining
close alignment with the observed values throughout the recovery and final upward trend.
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Although some smoothing remains visible around the sharp rebound, ConvLSTM preserves
local temporal structure more effectively than the recurrent baselines and exhibits minimal
lag during major trend transitions.
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Figure 4. Actual and predicted META closing prices for the evaluated architectures. (a) META-LSTM.
(b) META-BiLSTM. (c) META-GRU. (d) META-ConvLSTM.

The qualitative evidence presented in Figure 4 is consistent with the quantitative
findings reported in Table 3. ConvLSTM delivers the most accurate reconstruction of the
META test trajectory, while BILSTM remains highly competitive and closely follows the
observed series. LSTM and GRU successfully capture the dominant market trend but
exhibit stronger smoothing effects during periods of rapid price appreciation. Overall,
the META results are consistent with the lower observed forecasting error of ConvLSTM
within the present test period.

6.4. SBUX Results

For SBUX, Figure 5 presents the actual closing-price trajectory together with the corre-
sponding predictions generated by the four evaluated architectures. The plots correspond
to the best-performing configuration of each model and provide a qualitative assessment of
tracking accuracy, responsiveness to turning points, and the ability to reproduce the overall
market trend during the test period.

The SBUX price series exhibits a different behavior from AAPL and META, with more
moderate long-term movements and a pronounced peak during the latter part of the test
period followed by a noticeable correction. All four architectures successfully capture
the overall evolution of the series, including the gradual rise, the attainment of the local
maximum, and the subsequent decline toward the end of the evaluation horizon.
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Figure 5. Actual and predicted SBUX closing prices for the evaluated architectures. (a) SBUX-LSTM.
(b) SBUX-BIiLSTM. (c) SBUX-GRU. (d) SBUX-ConvLSTM.

LSTM follows the dominant trend reasonably well but exhibits the strongest smoothing
effect among the evaluated models. The predicted trajectory captures the general upward
movement and subsequent correction, although it tends to underestimate the magnitude of
the peak and compress the amplitude of short-term fluctuations. As a result, the model
produces a smoother representation of the series and responds conservatively around
local extrema.

BiLSTM demonstrates strong agreement with the observed trajectory throughout
most of the test period. The model successfully reproduces both the rise toward the local
maximum and the subsequent decline while maintaining close alignment with the actual
price levels. Although some smoothing remains visible around abrupt changes, BILSTM
tracks the overall structure of the series accurately and exhibits only minor deviations from
the ground-truth trajectory.

GRU also captures the principal movements of the series, including the intermediate
rises and declines preceding the major peak. Similar to LSTM, the model tends to smooth
local fluctuations and slightly underestimate extreme values. Nevertheless, it follows
the overall trend closely and reproduces the timing of the dominant turning points with
relatively small lag.

ConvLSTM again provides the closest visual correspondence to the actual series.
The model accurately tracks both the growth phase and the subsequent correction while
preserving local temporal variations more effectively than the purely recurrent architectures.
In particular, ConvLSTM captures the timing and magnitude of the major turning points
with high fidelity and remains closely aligned with the observed trajectory throughout
most of the evaluation period.

The qualitative evidence presented in Figure 5 is consistent with the quantitative
findings reported in Table 3. All four architectures demonstrate satisfactory forecasting
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capability for SBUX, but ConvLSTM provides the most accurate reconstruction of the
observed price dynamics. BiLSTM also performs strongly, while LSTM and GRU exhibit
more pronounced smoothing effects around local peaks and troughs. Overall, the SBUX
results indicate that convolutional-recurrent modeling performed well for this asset and
test period, without implying general superiority beyond the examined setting.

6.5. TSLA Results

For TSLA, Figure 6 presents the actual closing-price trajectory together with the corre-
sponding predictions generated by the four evaluated architectures. The plots correspond
to the best-performing configuration of each model and provide a qualitative assessment of
tracking accuracy, responsiveness to turning points, and the ability to reproduce the overall
market trend during the test period.
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Figure 6. Actual and predicted TSLA closing prices for the evaluated architectures. (a) TSLA-LSTM.
(b) TSLA-BiLSTM. (c) TSLA-GRU. (d) TSLA-ConvLSTM.

TSLA displays the highest volatility among the examined equities, with sharp declines,
rapid rebounds, and substantial price variation throughout the evaluation period. These
characteristics make TSLA the most challenging forecasting task in the study and provide
a useful benchmark for assessing how well each architecture adapts to rapid changes in
market conditions.

LSTM successfully captures the overall trajectory of the series, including the extended
decline toward the middle of the test period and the strong recovery that follows. The model
reproduces the major turning points reasonably well, although the predicted trajectory is
smoother than the observed series and exhibits a small lag immediately after the deepest
trough. During the final upward movement, the model follows the trend closely but slightly
underestimates the highest observed values.

BiLSTM produces the weakest visual agreement among the four architectures. Al-
though the model correctly identifies the major phases of the series, it substantially overes-
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timates prices during the post-trough recovery and remains above the observed trajectory
for extended periods. This positive bias is particularly evident around the first major re-
bound, where the predicted values diverge noticeably from the actual series. The resulting
trajectory captures the overall direction of movement but struggles to maintain accurate
calibration under rapidly changing market conditions.

GRU reproduces the principal turning points and follows the broad decline-recovery
pattern successfully. However, the model also exhibits a tendency toward overestimation,
particularly during the middle portion of the evaluation period. While the timing of the
recovery is captured correctly, the predicted values often remain above the actual series
and fail to reproduce the full depth of the observed trough. Despite this bias, the model
maintains reasonable alignment with the overall market trend and accurately reflects the
final upward movement.

ConvLSTM again provides the closest visual correspondence to the observed trajectory.
The model accurately captures both the timing and depth of the major trough and follows
the subsequent recovery with relatively small deviations. Compared with the recurrent
architectures, ConvLSTM responds more effectively to abrupt changes in direction and
maintains stronger alignment during periods of elevated volatility. Although some overes-
timation is visible during portions of the recovery phase, the model consistently remains
close to the actual series and reproduces the major market movements with high fidelity.

The qualitative evidence presented in Figure 6 is consistent with the quantitative
findings reported in Table 3. ConvLSTM records the lowest forecasting error and provides
the closest visual correspondence to the TSLA trajectory among the evaluated models.
However, these results do not establish superior robustness across volatile market regimes.
LSTM and GRU successfully capture the dominant market dynamics but exhibit stronger
smoothing effects and localized bias, while BILSTM shows the largest deviations from the
observed series. Overall, the TSLA findings indicate that ConvLSTM tracked the observed
price dynamics more closely than the alternative models during the examined test period.

6.6. Cross-Asset Comparison and Trading Performance

Table 5 summarizes the strongest forecasting configuration identified for each equity
across all evaluated architectures, lookback windows, and chronological train/valida-
tion/test partitions. For every stock, the lowest observed forecasting error is achieved by a
ConvLSTM model. This descriptive pattern suggests that combining convolutional feature
extraction with recurrent temporal modeling may be beneficial within the examined experi-
mental setting; however, it does not establish statistically significant or general superiority
over the alternative architectures.

Table 5. Best out-of-sample ConvLSTM configurations across equities.

Item AAPL META SBUX TSLA
Model ConvLSTM ConvLSTM ConvLSTM ConvLSTM
Split ratio (train/val/test) 80-10-10 80-10-10 80-10-10 80-10-10
Lookback window L 15 5 5 30
Activation function tanh tanh tanh tanh
Optimizer Adam RMSprop RMSprop Adam
Test RMSE 0.0260 0.0256 0.0290 0.0394
Test R2 0.9220 0.9770 0.9043 0.9118
Buy-and-Hold cumulative return 1.26x 1.85x% 1.27 % 1.04x
Model strategy cumulative return 1.27x 1.53x 1.50x 1.19x

Several observations emerge from Table 5. First, ConvLSTM achieves the lowest
observed forecasting error for all four equities, showing a consistent descriptive pattern
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within the examined configurations. The strongest predictive performance is observed
for META, which attains the lowest RMSE (0.0256) and highest out-of-sample R? (0.9770).
AAPL also achieves strong predictive accuracy, while SBUX and especially TSLA exhibit
higher RMSE values, reflecting the greater difficulty of accurately tracking assets with more
variable price dynamics.

Second, although ConvLSTM is selected in all cases, the optimal lookback window
varies substantially across assets. META and SBUX achieve their best performance using
short-term histories (L = 5), AAPL favors an intermediate window (L = 15), while TSLA
benefits from a considerably longer context (L = 30). This variability suggests that no
single temporal horizon is universally optimal and that forecasting performance depends
on the specific dynamics of each equity.

Finally, beyond forecasting accuracy, it is important to examine whether predictive im-
provements translate into economically meaningful outcomes. Since the ultimate objective
of many financial forecasting systems is decision support rather than error minimization
alone, trading-based evaluation provides an additional perspective on model performance.
Consistent with established forecasting practice, all reported results are obtained from
strictly out-of-sample test data that were not used during model training or hyperparameter
selection [56].

To examine more systematically the relationship between prediction accuracy and
economic utility, we compare the forecasting metrics of the best ConvLSTM configuration
with the corresponding trading outcomes. In this study, economic utility is approximated
by the terminal cumulative return of the forecast-driven strategy relative to the Buy-and-
Hold benchmark. Let CRpgy1 denote the terminal cumulative return of the Buy-and-Hold
benchmark, and let CR,y4e1 denote the terminal cumulative return of the forecast-driven
trading strategy. We define the cumulative-return difference as

ACR = CRmodel - CRB&H/

and the relative utility ratio as
UR = CRmodel.
CRpegn

Values of ACR > 0 or UR > 1 indicate that the forecast-driven strategy achieves a
higher terminal cumulative return than Buy-and-Hold over the test period. These measures
do not, by themselves, establish superior overall financial performance because they do not
account for volatility or drawdown risk.

Table 6 shows that prediction accuracy and terminal cumulative return are not mono-
tonically related. META achieves the strongest statistical forecasting performance, with
the lowest RMSE and highest out-of-sample R?, yet its forecast-driven strategy under-
performs Buy-and-Hold. Conversely, SBUX and TSLA produce positive terminal-return
differences despite having higher RMSE values than META. These results suggest that low
point-forecast error is not sufficient for superior trading performance. Economic utility also
depends on the directional correctness of the trading signal, the timing of market exposure,
and the interaction between forecast errors and realized return dynamics.

Table 6. Prediction accuracy and economic utility of the best ConvLSTM configurations.

Stock RMSE R? CRpgH CRodel ACR UR Terminal-Return Outcome
AAPL 0.0260 0.9220 1.26 1.27 +0.01 1.01 Model marginally higher
META 0.0256 0.9770 1.85 1.53 —0.32 0.83 Buy-and-Hold higher
SBUX 0.0290 0.9043 1.27 1.50 +0.23 1.18 Model higher

TSLA 0.0394 0.9118 1.04 1.19 +0.15 1.14 Model higher
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Table 7 reports a sensitivity analysis of the ConvLSTM-based trading strategy under
increasing transaction-cost assumptions, where transaction costs combine commissions and
slippage. The results show that cumulative returns decline monotonically as transaction
costs increase. The degradation is especially important for AAPL, where the frictionless
strategy only slightly outperforms Buy-and-Hold; after introducing even modest costs,
the advantage disappears. META remains below Buy-and-Hold under all transaction-
cost assumptions, confirming that its strong forecasting accuracy does not translate into
superior trading performance. SBUX remains the most robust case, preserving a positive
advantage over Buy-and-Hold even under higher transaction-cost assumptions. TSLA
also remains competitive under moderate costs, although its advantage disappears at the
highest examined cost level of 0.5%. Overall, the sensitivity analysis indicates that the
economic value of the forecast-driven strategy is materially affected by market frictions
and depends on both turnover and the size of the original performance margin.

Table 7. Transaction-cost sensitivity of the ConvLSTM-based trading strategy.

Stock 0.0% 0.1% 0.2% 0.3% 0.4% 0.5%
AAPL 1.27 1.24 1.22 1.19 1.17 1.15
META 1.53 1.48 1.43 1.39 1.34 1.30
SBUX 1.50 1.46 1.42 1.38 1.34 1.31
TSLA 1.19 1.15 1.12 1.08 1.05 1.02

To complement the terminal cumulative-return comparison, Table 8 reports approxi-
mate risk-adjusted performance measures for Buy-and-Hold and the ConvLSTM-based
strategy. The reported measures include annualized return, Sharpe ratio, Sortino ratio,
maximum drawdown (MDD), and Calmar ratio.

Table 8. Approximate risk-adjusted performance based on five-day sampled cumulative-return
trajectories.

Stock Strategy Rttt I;n Sharpe Sortino MDD Calmar
AAPL Buy-and-Hold  26.15% 1.03 1.46 28.26% 0.93
AAPL ConvLSTM 27.14% 1.13 1.68 17.97% 1.51
META Buy-and-Hold  82.68% 1.42 2.14 49.07% 1.68
META ConvLSTM 53.22% 1.18 1.72 42.72% 1.25
SBUX Buy-and-Hold  26.64% 1.03 1.59 14.29% 1.87
SBUX ConvLSTM 49.29% 2.10 422 5.41% 9.12
TSLA Buy-and-Hold  4.03% 0.39 0.57 64.91% 0.06
TSLA ConvLSTM 18.16% 0.57 0.90 57.89% 0.31

The risk-adjusted measures in Table 8 are estimated at a five-trading-day frequency
from the sampled cumulative-wealth trajectories. Annualization assumes 252 trading
days per year and a zero risk-free rate. Because cumulative wealth is observed at five-day
intervals and recorded with finite numerical precision, drawdowns occurring between
consecutive observations are not captured. The reported MDD values should therefore
be interpreted as lower-bound estimates, while the Sharpe, Sortino, and Calmar ratios
represent approximate five-day-frequency risk-adjusted indicators rather than exact daily-
frequency measures.

The risk-adjusted results reveal substantial differences across equities. For AAPL, the
ConvLSTM strategy achieves only a small annualized-return advantage over Buy-and-
Hold, but produces higher Sharpe, Sortino, and Calmar ratios together with a considerably
lower estimated MDD. For META, Buy-and-Hold retains stronger return and risk-adjusted
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performance, despite the ConvLSTM strategy exhibiting a moderately smaller drawdown.
SBUX represents the strongest case for the forecast-driven strategy, which achieves higher
annualized return and risk-adjusted ratios together with a substantially lower estimated
MDD; however, the magnitude of these ratios should be interpreted cautiously given
the five-day sampling frequency. For TSLA, ConvLSTM improves the annualized return,
Sharpe ratio, Sortino ratio, and Calmar ratio relative to Buy-and-Hold, but both strate-
gies remain exposed to exceptionally large drawdowns. Overall, these findings confirm
that terminal cumulative return alone provides an incomplete assessment of financial
performance and that the economic usefulness of the forecasting strategy remains strongly
asset dependent.

Figure 7 presents the cumulative returns of the Buy-and-Hold benchmark and the
forecast-driven trading strategy generated using the best-performing ConvLSTM configu-
ration for each stock.

1.3
—— Buy & Hold AVA 1.8{4 — Buy & Hold
ConvLSTM ConvLSTM
c 1.24 c 16]
= =)
2 £ 141
o 1.1+ ﬁ
s 2 1.21
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Figure 7. Cumulative returns of Buy-and-Hold and ConvLSTM-based trading strategies. (a) AAPL.
(b) META. (c) SBUX. (d) TSLA.

For AAPL, both strategies follow a similar overall trajectory and experience a notice-
able drawdown during the middle of the evaluation period. The forecast-driven strategy
declines less severely and begins recovering slightly earlier, resulting in a small but measur-
able advantage by the end of the test horizon. Overall, AAPL represents a case where the
trading rule provides only a modest improvement over Buy-and-Hold, primarily through
reduced drawdowns and earlier participation in the recovery phase.

META represents the only case in which Buy-and-Hold clearly outperforms the
forecast-driven strategy. Although both approaches recover strongly following the mid-
horizon decline, the benchmark compounds more rapidly during the second half of the
evaluation period and finishes substantially higher. This result demonstrates that strong
forecasting accuracy alone is insufficient to guarantee superior trading performance.
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For SBUX, the forecast-driven strategy achieves the largest relative improvement over
Buy-and-Hold among the examined equities, finishing at approximately 1.50 x compared
with 1.27x for the benchmark. The performance gap emerges gradually throughout the
evaluation period and remains stable toward the end of the horizon, suggesting that the
forecasting model successfully identifies a substantial portion of the favorable market
movements while avoiding part of the adverse periods.

For TSLA, Buy-and-Hold experiences a severe decline during the first half of the test
period, while the forecast-driven strategy remains above the benchmark during much of
the subsequent recovery and ultimately achieves a higher terminal return (1.19x versus
1.04x). The approximate risk-adjusted measures also favor the ConvLSTM strategy relative
to Buy-and-Hold. Nevertheless, its estimated MDD remains exceptionally high at 57.89%,
demonstrating that the strategy continues to carry substantial downside risk despite its
relative improvement over the benchmark. The TSLA findings should therefore be inter-
preted as evidence of comparative drawdown mitigation rather than robust performance
under highly volatile market conditions.

6.7. Discussion

Within the fixed chronological partitions examined in this study, ConvLSTM records
the lowest observed forecasting error across all four equities and ranks among the strongest
models in terms of out-of-sample R?. This pattern suggests that combining convolutional
feature extraction with recurrent temporal modeling may provide a useful representation of
technical-indicator sequences. However, because the evaluation is limited to four equities,
does not employ walk-forward or rolling-window validation, and does not include formal
statistical significance testing, the results should not be interpreted as evidence of universal
or statistically proven superiority over LSTM, GRU, or BiLSTM.

One possible explanation for the stronger performance of ConvLSTM is its ability to
combine local feature extraction with recurrent temporal modeling. Each input window
contains multiple correlated variables representing price, trend, momentum, volume, and
volatility. With the adopted (1, 3) kernel, the convolutional operations learn localized com-
binations among the price and technical-indicator features represented along the feature
axis, while the recurrent gating mechanism aggregates information across the ordered ob-
servations in the lookback window. This combination may enable ConvLSTM to represent
interactions among the supplied indicators while preserving relevant temporal depen-
dencies more effectively than the purely recurrent architectures examined in this study.
Although this architectural interpretation provides a plausible explanation for the observed
results, the present experiments do not establish the underlying mechanism causally.

It is important to clarify that ConvLSTM does not learn technical indicators directly
from raw OHLCV data in the present framework. The input features are manually en-
gineered indicators, and the model learns representations from these predefined feature
sequences. Therefore, the advantage of ConvLSTM should be interpreted as its ability
to learn localized combinations among the provided price and indicator features and to
aggregate their temporal dependencies, rather than as evidence that it discovers entirely
new market variables or technical indicators. In this sense, ConvLSTM may act partly
as a nonlinear feature combiner and temporal smoother over the engineered input rep-
resentation. However, unlike simple smoothing operations, the convolutional-recurrent
structure applies trainable filters and gated temporal dynamics, allowing the model to
adaptively combine short-term indicator configurations with sequential dependencies over
the lookback window.

The present framework uses a fixed set of six input variables and does not include an
adaptive feature-selection stage prior to sequence modeling. Given the compact feature
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set used herein, the main objective was to evaluate how different sequence architectures
exploit the same technical-indicator representation. However, adaptive feature selection
could be beneficial, especially if the input space is expanded to include additional technical
indicators, macroeconomic variables, sentiment features, or options-implied measures.
Tree-based feature-selection methods, such as Random Forest or XGBoost importance,
could reduce redundant or noisy predictors before sequence modeling and improve inter-
pretability. Such feature selection must be performed strictly within each training segment
to avoid information leakage into validation or test periods. Integrating adaptive fea-
ture selection with recurrent or convolutional-recurrent forecasting models is therefore a
promising extension of the current framework.

The present study also does not include indicator-level ablation experiments or post-
hoc feature-attribution analysis. Consequently, the reported results do not isolate the
marginal contribution of EMA, RSI, MACD, OBV, and ATR, or determine whether some
indicators are redundant when used jointly. A more detailed interpretability analysis could
retrain each architecture after removing one indicator at a time and compare the resulting
change in forecasting and trading performance. This leave-one-feature-out analysis could
be complemented by permutation importance or SHAP-based explanations, with feature
contributions aggregated across the lookback window. To preserve the chronological
integrity of the evaluation, all feature selection, permutation, and explanation procedures
should be performed without using information from future validation or test observations.

An important observation is that forecasting accuracy, terminal return, and risk-
adjusted financial performance are related but distinct evaluation dimensions. Although
ConvLSTM achieves the lowest forecasting error across all four equities, the corresponding
trading strategy does not uniformly outperform Buy-and-Hold. For AAPL and SBUX,
the approximate risk-adjusted measures favor the ConvLSTM strategy, while META re-
tains stronger terminal and risk-adjusted performance under Buy-and-Hold. For TSLA,
ConvLSTM improves the relative return and risk-adjusted ratios, but its estimated MDD
remains exceptionally high, indicating substantial residual downside risk. These findings
demonstrate that small point-forecast errors do not necessarily produce robust trading
decisions and that economic performance remains strongly dependent on asset-specific
return dynamics, market exposure, transaction costs, and drawdown behavior.

A further observation concerns the relative behavior of the recurrent architectures.
Although LSTM, BiLSTM, and GRU frequently achieved competitive forecasting accuracy,
none emerged as a consistently superior alternative across all equities. Their ranking varied
across assets and experimental configurations, suggesting that the predictive information
contained in technical-indicator sequences interacts with asset-specific market dynamics.
This variability reinforces the importance of comparative evaluation across multiple assets
and highlights the difficulty of identifying a universally optimal recurrent architecture for
financial forecasting tasks.

The experiments also demonstrate that the optimal amount of historical information is
asset dependent. While META and SBUX achieved their best results using short lookback
windows, TSLA benefited from substantially longer historical context. This suggests that
different equities exhibit different temporal dependencies and that model configuration
should be adapted to the characteristics of the underlying asset rather than relying on a
universal forecasting horizon.

The sample period also covers heterogeneous market conditions, including the pre-
pandemic period, the COVID-19 shock and recovery, the inflationary and rising-rate envi-
ronment, and subsequent developments related to technology and artificial intelligence.
The present evaluation reports aggregate out-of-sample performance over chronological
test segments and does not conduct a formal regime-specific performance decomposition.
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Therefore, the results should not be interpreted as evidence that model performance is
invariant across market regimes. From a practical perspective, this suggests that forecasting
models should be monitored and revalidated under changing market conditions, preferably
using rolling or walk-forward evaluation, periodic retraining, and regime-specific robust-
ness checks. Future work should explicitly examine whether the relative advantage of
ConvLSTM persists across distinct market regimes and during periods of elevated volatility
or structural change.

Several limitations should also be acknowledged. The analysis focuses on four large-
cap NASDAQ equities drawn from a single publicly available dataset and uses a predefined
set of technical indicators, which may not fully capture the diversity of behaviors observed
across broader equity markets, alternative datasets, asset classes, or time periods. Therefore,
future work should replicate the analysis across additional datasets and market settings
to further assess the robustness and generalizability of the reported findings. In addition,
the trading evaluation is intentionally simplified and serves primarily as a mechanism for
comparing forecasting utility across models. Consequently, the reported results should be
interpreted as evidence of relative model performance within the examined experimental
setting rather than as estimates of deployable trading profitability. Accordingly, stronger
conclusions regarding architectural rankings would require matched walk-forward fore-
casts, repeated model estimation, formal statistical testing, and replication across a broader
cross-section of assets.

7. Conclusions and Future Work

This study investigated next-day closing-price forecasting for four large-cap NAS-
DAQ equities (AAPL, META, SBUX, and TSLA) using deep learning models trained on
multivariate sequences enriched with widely used technical indicators. Within the fixed
chronological partitions examined in this study, ConvLSTM records the lowest observed
normalized-scale RMSE for all four equities, attaining values of 0.0260 for AAPL, 0.0256
for META, 0.0290 for SBUX, and 0.0394 for TSLA, with corresponding out-of-sample R?
values of 0.9220, 0.9770, 0.9043, and 0.9118. A plausible architectural explanation is that
ConvLSTM combines localized feature extraction with recurrent temporal modeling, al-
lowing it to learn combinations among the supplied price and indicator features while
aggregating information across the lookback window. Nevertheless, these results constitute
descriptive evidence from four equities under fixed chronological evaluation settings. They
do not establish statistically significant or generally applicable dominance of ConvLSTM
because the study does not include matched significance testing, walk-forward validation,
or broader replication across datasets and market environments.

Beyond forecasting accuracy, the study evaluated the practical usefulness of the
predictions through a forecast-driven long-only trading strategy. The strategy achieved
higher frictionless terminal cumulative returns than Buy-and-Hold for AAPL, SBUX, and
TSLA, while underperforming for META. Approximate five-day-frequency risk-adjusted
measures generally favor the ConvLSTM strategy for AAPL, SBUX, and TSLA; however,
the TSLA strategy retains an exceptionally high estimated maximum drawdown, while Buy-
and-Hold remains superior for META. Transaction-cost sensitivity analysis further shows
that these terminal-return advantages weaken as trading frictions increase. These findings
confirm that strong predictive accuracy and higher terminal return do not necessarily imply
robust risk-adjusted financial performance.

The interpretation of these results should be considered within the scope of the study,
which focuses on four large-cap NASDAQ equities and a predefined set of technical indica-
tors. Although transaction-cost sensitivity is examined, the trading evaluation remains a
simplified backtesting exercise and does not fully account for bid—ask spreads, execution
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timing, market impact, portfolio-level risk management, or other practical implementa-
tion constraints.

Future work should extend this framework in several concrete directions. First, the
analysis should be replicated on the full set of available equities and on additional equity
datasets, including non-NASDAQ stocks, market indices, and different time periods, to test
whether the ConvLSTM advantage remains stable across assets and market regimes [64].
This extension should also incorporate walk-forward or rolling-window validation proto-
cols and formal statistical significance testing, such as Diebold—Mariano tests, Wilcoxon
signed-rank tests, or Friedman tests across matched configurations, to determine whether
the observed differences among architectures are statistically significant. A regime-specific
evaluation should also examine model performance separately during bullish, bearish,
high-volatility, and low-volatility periods, using methods such as volatility-based segmen-
tation, change-point detection, or hidden Markov models.

Second, the trading evaluation should be extended with more realistic implementation
assumptions, including exact daily-frequency risk-adjusted evaluation based on unsampled
return paths, time-varying transaction costs, bid—ask spreads, slippage, turnover, directional
accuracy, value at risk, and conditional value at risk, to provide a more realistic and
risk-aware assessment of economic usefulness. Future research should also consider
probabilistic forecasting methods that generate prediction intervals, quantiles, or full
predictive distributions rather than only point forecasts. Such forecasts would quantify
uncertainty and could support trading decisions based on both expected price movements
and forecast confidence.

Third, future experiments should examine whether adding exogenous predictors,
such as news sentiment, earnings announcements, macroeconomic variables, and options-
implied volatility, improves next-day forecasting performance beyond technical indicators
alone [65]. Relevant macroeconomic inputs may include interest rates, inflation, market
volatility indices, and monetary-policy announcements, while sentiment measures may
be extracted from financial news, earnings-call transcripts, or social-media data. These
variables should be aligned according to their actual publication times to avoid look-
ahead bias.

Fourth, future work should broaden the architectural comparison by evaluating
Transformer-based and other contemporary forecasting models, including Temporal Fusion
Transformer, Informer, temporal convolutional networks, and MLP-mixing architectures
such as TSMixer, under the same chronological evaluation protocol. Finally, indicator-level
ablation experiments, permutation importance, SHAP-based feature-attribution analyses,
and adaptive feature-selection mechanisms should be conducted to quantify the contri-
bution of each technical indicator, identify potentially redundant inputs, and improve
the interpretability of the forecasting framework. Future work should also compare the
evaluated deep sequence architectures with classical statistical and non-neural forecast-
ing approaches, including ARIMA, support vector machines, Random Forests, XGBoost,
LightGBM, and multi-granularity cascade forest variants [66].

Overall, the findings suggest that indicator-enriched deep sequence models, and
ConvLSTM in particular, may capture useful short-horizon structure within the examined
equity forecasting setting. At the same time, the results emphasize that forecasting models
should be assessed not only through statistical accuracy but also through their ability to
support effective financial decision-making.
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Appendix A. Technical Indicator Formulations

This appendix presents the mathematical formulations of the technical indicators
used to construct the feature set described in Section 3. All indicators are computed
causally from past and present observations only, using daily OHLCV (Open, High, Low,
Close, Volume) data: Open O;, High H;, Low L, Close C;, and Volume V;. Indicator
values that are undefined during the initial lookback period are discarded, so minor
differences in initialization conventions do not affect the supervised learning samples
used for training and evaluation. The definitions below follow standard technical-analysis
formulations [12,13]:

Exponential Moving Average (EMA):

For a window length 7, the exponential moving average (EMA) of the closing price is

(n) _ (n) _ 2
EMA;"” =aCi+ (1 -a)EMA, ", = (A1)
We use EMA with n = 14.
Relative Strength Index (RSI):
Let AC; = C¢ — C;_1. Define gains and losses as
Gt = max(ACy,0), D; = max(—AGCt,0). (A2)
Using Wilder’s smoothing with window n,
G = (”—1)(13;—14-@/ (A3)
D, = =D+ D (Ad)
n
The relative strength is
RS = —, A5
=5, (A5)
and RSl is
RSI™ = 100 — 20 (A6)

1+RS;’
We use RSI with n = 14.

Moving Average Convergence Divergence (MACD):

MACD is defined as the difference between a fast and a slow exponential moving
average of the closing price:

(

MACD; = EMA!"" — EMA!™), (A7)
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where n f and ns denote the fast and slow windows, respectively.
Although only MACD is used as an input feature in the forecasting models, the
associated signal line and histogram are included here for completeness:

Signal, = EMA!"™¥ (MACD), (A8)

Hist; = MACD; — Signal,. (A9)
We use the conventional (¢, 115, 11sig) = (12,26,9).
On-Balance Volume (OBV):

OBV is a cumulative volume measure that adds or subtracts daily volume depending
on the sign of the close-to-close change:

Vi, ifC>Ciy,
OBV; =0OBV;_1+<0, ifC =Ci_q, (A10)
Vi, ifC < thl-

The initial value OBV can be set to 0 without loss of generality.
Average True Range (ATR):
First define the true range (TR) as
TRt = max <Ht — Lt, |Ht — Ct_1|, |Lt - Ct—ll)- (A11)

ATR applies Wilder’s smoothing to TR [13]:

(n —1) ATR"), 4+ TR

ATR" = :

(A12)

We use ATR with n = 14.
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