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Abstract—Intraday financial-market modeling remains a chal-
lenging task. In this context, technical indicators derived from
price, volume, volatility, and trend have long been employed
as proxies to capture different market behaviors and trading
pressure. However, the large number of available technical indi-
cators often leads to high-dimensional feature spaces, increasing
redundancy and negatively impacting model generalization. This
work proposes an end-to-end machine learning framework for
binary next-interval price-movement prediction using intraday
data, with a particular emphasis on the systematic selection
of relevant technical indicators. Using the BovDBv2 dataset
with 5-minute bars, a total of 61 indicators are computed and
normalized, encompassing volume-based, volatility-based, and
trend-based information. A Sequential Forward Selection (SFS)
procedure, guided by a balanced Random Forest classifier and the
binary F1-score, is applied to identify a compact and informative
subset of features. And then, a Genetic Algorithm (GA) with
binary encoding is employed to optimize the hyperparameters of
two classification models: Random Forest (RF) and Multi-Layer
Perceptron (MLP). Experimental results indicate that the GA-
optimized MLP achieves an accuracy of 0.6269 and a F1-score
of 0.6242, outperforming the GA-optimized RF, which attains an
accuracy of 0.4786 and a F1-score of 0.4331. Overall, the findings
suggest that combining feature selection over technical indicators
with GA-based hyperparameter tuning improves generalization
performance in intraday price movement prediction tasks.

Index Terms—feature selection, hyperparameter optimization,
intraday prediction, technical indicators, genetic algorithm.

I. INTRODUCTION

Intraday financial forecasting constitutes a central problem
in quantitative finance and algorithmic trading, yet it remains
inherently challenging [1]. Short-horizon price movements are
driven by microstructure noise, regime shifts, and pronounced
non-stationary dynamics, which collectively hinder predictive
stability and degrade model generalization. In practical set-
tings, forecasting pipelines commonly rely on technical indica-
tors computed from intraday price and volume data. Although
informative, these indicators typically form high-dimensional
and strongly correlated feature sets, increasing redundancy,
amplifying overfitting risk, and rendering model performance
sensitive to preprocessing and evaluation strategies.

Within this context, two fundamental challenges arise. First,
effective feature selection is required to control dimensionality
and enhance model robustness, particularly in the presence of
correlated technical indicators. Second, predictive performance
is highly dependent on model hyperparameters—such as tree
depth and sampling strategies in Random Forests(RFs), or
network architecture and regularization in Multi-Layer Percep-
trons—while exhaustive search is computationally prohibitive
due to the size and mixed discrete–continuous nature of the
parameter space.

Evolutionary computation provides a suitable framework to



address these challenges [2]. Genetic Algorithms (GAs) enable
efficient exploration of complex, non-convex hyperparameter
spaces without relying on gradient information, while naturally
accommodating discrete design choices and bounded contin-
uous parameters through flexible encoding schemes [3].When
coupled with rigorous validation protocols, GA-based opti-
mization can yield competitive model configurations while
mitigating selection bias and improving generalization in in-
traday forecasting tasks.

In this work, we investigate a workflow for intraday bi-
nary classification on BovDBv2 (5-minute bars) [4], [5]. We
compute 61 indicators, normalize features, and apply a SFS
procedure [6] to obtain a compact set of three indicators
(OBV, ADOSC 3 5, TRIMA 9). We then employ a binary-
encoded GA to optimize RF and MLP hyperparameters, re-
porting convergence behavior through fitness evolution and
final performance via confusion matrices and standard metrics.

The main contributions of this paper are:
• The proposal of a fully reproducible intraday learn-

ing workflow integrating technical-indicator construction,
data normalization, feature selection, and Genetic Algo-
rithm (GA)-based hyperparameter optimization, evaluated
on the BovDBv2 dataset.

• The formulation of a binary-encoded GA with explicitly
defined search spaces for Random Forest and Multi-Layer
Perceptron models, including a detailed specification of
evolutionary operators to ensure reproducibility.

• A comprehensive comparative analysis of GA-optimized
Random Forest and Multi-Layer Perceptron classifiers,
encompassing fitness evolution dynamics and confusion-
matrix-based evaluation on a strictly held-out test set.

The remainder of this paper is organized as follows: Sec-
tion II reviews related work. Section III details the methodol-
ogy. Section IV reports results. Section V concludes the paper
and outlines future work.

II. RELATED WORK

Machine learning techniques have been extensively applied
to financial time series prediction due to their capacity to
model nonlinear relationships and complex interactions inher-
ent in market data. Seminal studies in this area have shown
that combining learning algorithms with technical indicators
yields more informative representations than raw price series,
particularly in short-term forecasting settings [7]. Indicator-
based representations are designed to capture trend, momen-
tum, volatility, and volume dynamics that are not readily
observable from price information alone.

Temporal neural models such as LSTMs are relevant base-
lines for directional prediction because they explicitly model
temporal dependencies. However, simpler architectures such
as MLPs may still be competitive when feature engineering
already provides a compact representation of short-term mar-
ket dynamics through technical indicators [8].

Tree ensembles such as RF are common in financial fore-
casting, but their performance depends strongly on representa-

tion and tuning, and no single classifier consistently dominates
across markets and horizons [9].

Feature selection is a central issue when working with
large collections of technical indicators, as redundancy and
multicollinearity can degrade model generalization. Genetic
Algorithms (GAs) have been successfully applied to feature
selection problems due to their ability to search large combi-
natorial spaces efficiently. Santana et al. [10] and Canuto and
Nascimento [11] proposed GA-based approaches for selecting
informative feature subsets in ensemble-learning contexts,
demonstrating improved predictive performance and reduced
overfitting compared with unfiltered feature spaces.

Beyond feature selection, GAs have also been extensively
employed for hyperparameter optimization in neural and hy-
brid models. Fang et al. [12] showed that GA-optimized neural
networks outperform manually tuned configurations in stock
market prediction tasks. Similar findings were reported for
MLP-based models, where evolutionary optimization helps
balance model complexity and generalization performance
[13]. These results highlight the suitability of GAs for nav-
igating mixed discrete and continuous search spaces typical
of machine learning hyperparameters.

Several studies further emphasize the importance of combin-
ing feature selection and hyperparameter tuning for financial
prediction. Naik and Mohan [14] demonstrated that selecting
compact subsets of technical indicators significantly improves
short-term prediction accuracy, while Ding et al. [15] showed
that GA-based optimization enhances neural network conver-
gence and stability. The theoretical foundations underlying
these approaches are rooted in the seminal works of Holland
[16] and Goldberg [3], which established Genetic Algorithms
as general-purpose optimization methods for complex, multi-
modal problems.

Despite these advances, a substantial portion of the literature
addresses feature selection and hyperparameter optimization
as independent stages or restricts the analysis to a single
model family. Moreover, relatively few studies investigate
evolutionary optimization within a unified intraday learning
framework that enforces strict control of data leakage and
adopts time-aware evaluation protocols. This work addresses
these limitations by jointly integrating systematic feature se-
lection over technical indicators with binary-encoded Genetic
Algorithm–based hyperparameter optimization for both Ran-
dom Forest and Multi-Layer Perceptron models, evaluated on
intraday data from the BovDBv2 dataset.

III. A MACHINE LEARNING FRAMEWORK FOR INTRADAY
PRICE-MOVEMENT PREDICTION

This section presents the methodological framework
adopted in this study. The procedure is organized as:

• Dataset description and construction of the technical-
indicator representation;

• Min–Max normalization of the indicator set;
• Feature selection and the resulting indicator subset;
• GA-based hyperparameter optimization; and



• Definition of the search spaces for Random Forest (RF)
and Multi-Layer Perceptron (MLP), followed by evalua-
tion on a held-out test set.

A. Dataset and Technical Indicators

The experiments are conducted using the BovDBv2 dataset,
which provides intraday market data organized as fixed-
interval bars with 5-minute aggregation for the Brazilian
market. Each record corresponds to one intraday bar con-
taining price and traded-volume information associated with
a timestamp.

The learning task is formulated as a binary classification
problem aimed at predicting the direction of the price move-
ment in the subsequent intraday interval. Let ct denote the
closing price at interval t. We define two classes: C1 (upward
movement) when ct+1 > ct, and C2 (non-upward movement)
when ct+1 ≤ ct. In the implementation, these classes are
encoded as y = 1 for C1 and y = 0 for C2. The final
observation of each series is discarded to preserve temporal
consistency due to the one-step-ahead formulation.

From these series, a set of technical indicators is computed,
resulting in 61 derived indicators. Indicator-based repre-
sentations are widely adopted in IJCNN studies on market
modeling and prediction [7], [8]. The indicator set comprises
multiple families, including trend/overlap measures (e.g., mov-
ing averages), volatility measures (e.g., band- and range-
based indicators), and volume/flow measures (e.g., accumula-
tion/distribution and volume pressure). Several indicators are
computed with different window lengths; suffixes denote the
lookback window in number of bars (e.g., TRIMA_9). For in-
dicators parameterized by two windows, such as ADOSC_3_5,
the pair (3, 5) represents the fast and slow smoothing windows
(in bars) used to compute the oscillator.

B. Min–Max Normalization

To reduce scale disparities and ensure numerical compara-
bility across indicators, Min–Max normalization is applied to
the technical-indicator columns. Given an indicator value x,
the normalized value x̃ is computed as:

x̃ =
x− xmin

xmax − xmin
, (1)

where xmin and xmax are the minimum and maximum val-
ues observed for that indicator over the considered sample,
respectively.

Leakage control. To prevent information leakage, normal-
ization parameters are estimated exclusively on the training
partition and then applied to the held-out test partition using
the same xmin and xmax. This is particularly important in
intraday settings, where temporal dependence can inflate test
performance if global statistics are used.

C. Feature Selection and Selected Indicators

A Feature Selection procedure is adopted to obtain a com-
pact representation and mitigate redundancy among predictors.
The method follows a greedy SFS strategy: starting from an
empty subset, at each iteration the candidate feature that yields

the largest improvement under a validation criterion is added
to the current subset, and the process repeats until a predefined
subset size K is reached. Although evolutionary approaches
can also be used for feature subset selection [10], [11], this
study fixes a compact subset before GA-based model tuning
to reduce the dimensionality of the optimization problem and
to keep the subsequent hyperparameter search focused.

Wrapper evaluator and selection criterion. In our imple-
mentation, adopted in this study, subset quality is evaluated
using a Random Forest classifier with balanced class weights
to mitigate imbalance during selection. Candidate subsets are
scored using the binary F1-score on a validation split, and the
feature that maximizes the score is added at each iteration.

A subset size of K = 3 was adopted, yielding OBV,
ADOSC_3_5, and TRIMA_9. This choice favors a compact
representation, reducing redundancy among technical indica-
tors and making the subsequent GA-based hyperparameter
optimization more tractable. In addition, limiting the feature
subset helps control model complexity in a noisy intraday
setting, where overly large representations may increase over-
fitting risk. Although this design choice is consistent with
the objective of balancing informativeness and parsimony, no
sensitivity analysis over larger K values is provided.

D. Genetic Algorithm Optimization

After fixing the selected feature subset, a GA is employed
to optimize the hyperparameters of the Random Forest and
Multi-Layer Perceptron classifiers. Each individual represents
a candidate solution encoded as a binary string, which is sub-
sequently decoded into model-specific hyperparameter config-
urations. Fitness is evaluated exclusively on the training par-
tition using a stratified five-fold validation scheme to enhance
robustness, while the test partition is strictly reserved for final
performance assessment. The use of GA-based optimization
for financial time series modeling and parameter tuning has
been previously investigated in the context of IJCNN studies
[12].

Binary encoding and decoding. Let a hyperparameter be
represented by b bits, yielding an integer z ∈ [0, 2b − 1]. For
continuous or integer ranges, we map z to the target interval
via linear scaling:

θ = θmin +
z

2b − 1
(θmax − θmin) , (2)

followed by rounding when the parameter is integer-valued.
For categorical parameters, the integer z selects an element
from a predefined option list (possibly with modulo to handle
unmatched codes). This encoding enables the GA to handle
mixed discrete/continuous spaces uniformly.

The GA follows the standard evolutionary cycle of popu-
lation initialization, fitness evaluation, tournament selection,
two-point crossover, bit-flip mutation, and elitist retention of
the best-performing solution. Table I summarizes the GA
parameters adopted in this study.

Fitness definition. For RF, the fitness function is based
on cross-validated classification performance computed on the



TABLE I
THE RELATION OF PARAMETERS USED BY THE GENETIC ALGORITHM .

Parameter Value
Number of generations (Ngen) 1000

Population size (Npop) 20
Tournament size 3

Crossover Two-point, probability = 0.80
Mutation Bit-flip, probability = 0.05

Per-bit mutation probability 0.02
Elitism Hall-of-Fame size = 1

Random seed 42

training partition. For MLP, the fitness function combines
training and validation accuracy in each fold as:

FitnessMLP = 0.4 ·Acctrain + 0.6 ·Accval, (3)

and is averaged across folds. This weighted scheme empha-
sizes generalization while still penalizing configurations that
severely underfit.

Class imbalance handling. During MLP training, the train-
ing folds employ bootstrap oversampling (random resampling
with replacement) of the minority class [17], [18], while
scaling is performed using a StandardScaler fitted on the
training split and applied to validation and test data. For
RF, imbalance is partially mitigated through balanced class
weights.

IV. RESULTS

This section presents the experimental results obtained with
GA-based hyperparameter optimization for the RF and MLP
classifiers under the K = 3 feature subset. The analysis
is organized as follows. First, the fitness evolution across
generations is examined to assess the convergence behavior
and stability of the optimization process. Next, the final test-
set performance of the tuned models is reported.

A. Fitness Evolution

Figures 1 and 2 present the GA fitness evolution for MLP
and RF across 1000 generations. The plots track best, mean,
and worst fitness values per generation, while the shaded
region indicates population spread (worst → best), offering
insight into convergence and exploration dynamics.

From the convergence perspective, the GA-optimized MLP
exhibits a rapid improvement in fitness during the early
generations, followed by a clear stabilization phase after
approximately the first few hundred generations. This behavior
suggests that the evolutionary process is able to quickly
identify promising regions of the hyperparameter search space,
converging toward stable configurations with limited oscilla-
tion in later stages.

In contrast, the GA optimization for the Random Forest
shows slower convergence and higher variability across gen-
erations. The wider spread between worst, mean, and best
fitness values indicates a more irregular fitness landscape,
where small hyperparameter changes can lead to substantial
performance fluctuations. This behavior is consistent with the

sensitivity of tree-based ensembles to depth, sampling, and
splitting parameters, particularly when trained on compact
feature representations.

Overall, the observed fitness-evolution patterns indicate that
the GA provides a more stable and consistent optimization
process for the MLP than for the Random Forest under the
adopted feature subset (K = 3).

B. Test-Set Performance

Table II summarizes the final performance on the reported
hold-out sets (N = 1895). The MLP optimized with GA
achieves 0.6269 accuracy (macro-F1 = 0.6242), while the
RF optimized with GA achieves 0.4786 accuracy (macro-F1
= 0.4331). The RF confusion matrix shows a strong tendency
to predict class 1, resulting in a large number of false positives.

TABLE II
TEST-SET PERFORMANCE (K = 3, N = 1895).

Model Accuracy Macro-F1
RF (GA-optimized) 0.4786 0.4331

MLP (GA-optimized) 0.6269 0.6242

C. Confusion Matrices

Tables III and IV report the confusion matrices for RF and
MLP, respectively, following the convention of True labels by
rows and Predicted labels by columns.

TABLE III
CONFUSION MATRIX ON THE TEST SET FOR RANDOM FOREST (K=3).

Pred 0 Pred 1
True 0 185 823
True 1 165 722

TABLE IV
CONFUSION MATRIX ON THE TEST SET FOR MLP (K=3).

Pred 0 Pred 1
True 0 514 457
True 1 250 674

A more detailed inspection of the confusion matrices reveals
important differences in the predictive behavior of the two
classifiers. The RF exhibits a strong bias toward predicting
class 1, resulting in a large number of false positives. Although
this behavior yields moderate recall for the positive class, it
severely degrades precision for class 1 and leads to poor recall
for class 0, which ultimately compromises the macro-F1 score.

In contrast, the MLP achieves a more balanced trade-off
between precision and recall across both classes. While false
negatives and false positives are still present, the distribution
of errors is more symmetric, indicating improved discrimina-
tion between upward and downward price movements. This
balanced behavior directly contributes to the higher macro-F1
observed for the MLP, confirming its superior generalization
ability under the evaluated intraday setting.



Fig. 1. GA fitness evolution for the MLP (K=3). Best, mean, and worst fitness are tracked over 1000 generations; the shaded area indicates the range (worst
→ best).

Fig. 2. GA fitness evolution for the Random Forest (K=3). Best, mean, and worst fitness are tracked over 1000 generations; the shaded area indicates the
range (worst → best).

D. The Best Hyperparameters Found by GA

The best configurations obtained by GA in the reported runs
are summarized in Table V. Recall that, in our GA formulation,
each individual encodes a candidate hyperparameter set as a
chromosome, which is decoded into model-specific settings
before training and fitness evaluation. These values correspond
to the decoded parameters of the best individuals stored by the
optimization notebooks.

The superior performance of the GA-optimized MLP can
also be partially explained by the characteristics of the se-
lected feature subset. The indicators OBV and ADOSC_3_5
encode cumulative and short-term volume pressure, capturing
information related to market participation and buying/selling
imbalance, while TRIMA_9 provides a smoothed representa-
tion of local price trends.

This combination of volume-driven and trend-driven signals
yields a compact yet informative representation of intraday

TABLE V
BEST HYPERPARAMETERS SELECTED BY GA FOR K = 3.

Model Best Hyperparameters
RF n_estimators=396

max_depth=8
min_samples_split=49
min_samples_leaf=21
max_features=0.4

MLP hidden_layers=[10,2]
activation=relu
solver=adam
α = 0.001239
learning_rate_init=0.010846

market dynamics. Such a representation appears to favor the
nonlinear modeling capacity of the MLP, which can learn
continuous interactions among indicators more effectively than
tree-based partitioning mechanisms. As a result, the MLP



is better suited to exploit the complementary nature of the
selected indicators, leading to improved generalization perfor-
mance on the test set.

V. CONCLUSION

Intraday price-movement prediction remains a challenging
problem due to the high level of noise, non-stationarity, and
rapidly changing dynamics that characterize short-term finan-
cial markets. In this context, the widespread use of technical
indicators often leads to high-dimensional feature spaces,
increasing redundancy and sensitivity to model configuration
and evaluation choices. This work addressed these challenges
by proposing an end-to-end machine learning workflow that
integrates feature selection and evolutionary hyperparameter
optimization for intraday classification tasks.

Using 5-minute data from the BovDBv2 dataset, a broad
set of technical indicators was initially computed to capture
complementary aspects of market behavior, including trend,
volume pressure, and volatility. A SFS procedure was then
employed to identify a compact and informative subset of
indicators. The resulting reduced representation played a key
role in mitigating redundancy, simplifying the learning task,
and improving stability in a highly noisy intraday environment.

After fixing the selected feature subset, a binary-encoded
Genetic Algorithm was used to optimize the hyperparameters
of RF and MLP models. The evolutionary approach proved
effective in exploring mixed discrete and continuous search
spaces without relying on exhaustive or manual tuning strate-
gies. Fitness evolution analyses indicated consistent conver-
gence behavior, suggesting that the GA was able to identify
stable and competitive configurations within the defined search
spaces.

Experimental results on a strictly time-ordered hold-out
test set showed that the GA-optimized MLP achieved su-
perior generalization performance when compared with the
GA-optimized Random Forest. This outcome highlights the
importance of model expressiveness when learning non-linear
relationships among technical indicators in intraday settings,
while also reinforcing the need for proper regularization and
validation to avoid overfitting.

Overall, the findings demonstrate that combining systematic
feature selection over technical indicators with GA-based
hyperparameter optimization can improve robustness and pre-
dictive performance in intraday price-movement classification.
The proposed workflow is fully reproducible and scalable,
offering a practical alternative to ad hoc tuning procedures
commonly adopted in financial machine learning studies.

Future work should extend the empirical evaluation in
three directions. First, stronger baselines should be included,
particularly temporal and boosting-based models, to better
contextualize the observed gains. Second, experiments should
be repeated across different assets and time periods in order
to assess robustness under changing market conditions. Third,
predictive results should be linked to economic performance
through trading-oriented metrics such as PnL and Sharpe ratio,

since classification quality alone does not fully reflect practical
usefulness in intraday financial applications.
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