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Abstract—Voice-based gender recognition has gained 
increasing importance in biometrics, security, forensics, 
and human–computer interaction. While humans can 
easily distinguish male and female voices, automatic 
classification remains challenging due to variability and 
high-dimensional acoustic data. This study investigates the 
role of feature selection in enhancing the performance and 
efficiency of Random Forest for gender classification. The 
dataset, obtained from Kaggle, consists of 3,168 balanced 
voice samples with 23 acoustic features. Using Pearson’s 
correlation analysis, five features with the strongest 
associations to the target variable were selected. Random 
Forest classification was then conducted using both the full 
set of 22 features and the reduced set of 5 features. Results 
suggest that although the accuracy gain was marginal (98% 
to 99%), computation time decreased substantially from 0.3 
to 0.1 seconds, representing a 66% efficiency improvement. 
These findings suggest that lightweight correlation-based 
feature selection can simplify models and enable faster 
real-time applications without compromising predictive 
performance. The study emphasizes efficiency rather than 
accuracy as the main contribution, providing a 
methodological insight for designing scalable and inclusive 
voice-based gender recognition systems. 

Keywords—feature selection; gender classification; random 
forest; voice data.  

 

1. Introduction 

With the rapid development of intelligent voice assistants 
such as Alexa, Siri, and Google Assistant, gender recognition 
remains an open challenge for creating more adaptive and 
personalized interactions. Recent studies highlight that, 
although virtual assistants have advanced significantly, 
limitations still exist in tailoring responses to user 
demographics, including gender, in ways that are fair and 
context-sensitive (De Kloet & Yang, 2022; Taha et al., 2024). 
This indicates that the integration of lightweight gender 
recognition mechanisms remains relevant for improving 
personalization in human–computer interaction. If this 
capability were available, systems could provide more 
personalized services and better understand behavioral 
patterns. Pattern recognition systems play a crucial role in 
replicating human sensory abilities, especially hearing, by 
enabling computers to recognize logical patterns in audio 
signals (Kushwah et al., 2019). This study is thus motivated by 
the need to explore computational methods that allow machines 
to accurately recognize and classify voice patterns. 

Human voices are inherently unique, influenced by physical 
and genetic characteristics, especially the anatomy of the vocal 
tract. Differences in vocal fold size and resonance cause male 
voices to typically have a lower pitch of around 120 Hz, while 
female voices average closer to 210 Hz (Shafhah et al., 2020). 
These differences, while biological, create measurable acoustic 
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features that can be leveraged for computational analysis. In the 
context of soft biometrics, gender recognition through voice is 
not only accessible and non-intrusive but also enhances other 
biometric systems such as facial and fingerprint recognition, 
thereby improving identification accuracy and reliability (Aithal 
et al., 2024; K. & Aithal, 2022; Dantcheva et al., 2016). 

The importance of gender recognition through voice extends 
beyond biometrics to areas such as security, forensics, and 
human–computer interaction. Voice verification systems 
reduce the risks of fraud and identity misuse compared to 
password-based authentication (Bora et al., 2023; Štitilis et al., 
2023). However, challenges remain, including algorithmic bias, 
as recognition accuracy often varies across demographic groups, 
potentially reinforcing social inequalities (Chen et al., 2022; 
Jansen et al., 2021). To address this, researchers emphasize the 
need for fairer algorithms and more diverse datasets to ensure 
inclusivity. In human–computer interaction, gender 
recognition enriches user experiences, enabling more adaptive 
and responsive systems (De Kloet & Yang, 2022; Taha et al., 
2024). 

At a technical level, gender classification relies on the 
extraction of acoustic features such as pitch, median frequency, 
formants, spectral entropy, and Mel-Frequency Cepstral 
Coefficients (MFCC), which are then processed through 
machine learning models (Jha et al., 2024; Sandhan et al., 2014). 
Yet, despite the richness of these features, the complexity of 
voice signals, such as frequency variations, background noise, 
and high dimensionality, poses challenges to building accurate 
classifiers. Without careful data preprocessing and feature 
management, machine learning models may fail to generalize 
effectively. 

Feature selection has therefore become an essential step to 
enhance model performance in gender classification tasks. By 
reducing dimensionality and removing redundant variables, 
feature selection not only improves accuracy but also reduces 
computational costs and prevents overfitting (Ishak, 2022). 
Studies highlight that correlation-based feature selection and 
related approaches help focus the classification process on 
features with the most discriminative power, thereby yielding 
better accuracy and generalization (Farida & Mustopa, 2023; 
Swastika et al., 2023; Syukron et al., 2023; Yusdiantoro & 
Sasongko, 2023). Moreover, normalization and class balancing 
techniques such as SMOTE have been proven effective in 
improving classifier robustness on imbalanced voice datasets 
(Suryanegara et al., 2021). 

Random Forest has emerged as one of the most robust 
ensemble learning algorithms, capable of handling high-
dimensional, non-linear data while maintaining resilience 
against noise and outliers (Wilson & Anwar, 2024). Built upon 
bootstrap aggregation of decision trees, Random Forest 
aggregates predictions through majority voting, thereby 
minimizing overfitting and improving accuracy. Its intrinsic 
ability to rank feature importance also makes it particularly 
suitable for classification tasks involving complex voice datasets 
(Maxwell et al., 2018; Wen & Hughes, 2020). Studies 
demonstrate its versatility in diverse applications, from medical 
diagnostics to environmental monitoring and speech analysis, 
underscoring its wide applicability (Islam et al., 2024; Ren et al., 
2022; Xu et al., 2025; Zhou et al., 2022). 

Despite numerous studies combining feature selection with 
ensemble methods such as Random Forest, most prior works 
have primarily emphasized accuracy improvement without 

considering computational efficiency in real-time scenarios. In 
addition, while advanced feature selection techniques and 
Random Forest’s internal importance measures (e.g., Gini or 
permutation importance) are frequently discussed, there is 
limited research highlighting the practicality of lightweight and 
easily interpretable methods such as Pearson correlation when 
applied to balanced voice datasets. This creates a research gap 
in exploring how simple feature selection can reduce model 
complexity while still achieving competitive results. 

Therefore, the contribution of this study lies in two aspects: 
(1) demonstrating that even a straightforward correlation-based 
feature selection approach can meaningfully reduce 
computation time while maintaining high classification 
accuracy in Random Forest models, and (2) emphasizing 
computational efficiency as a critical dimension for real-time 
applications such as chatbots, virtual assistants, and digital 
authentication systems. By reframing efficiency rather than 
marginal accuracy gains as the core benefit, this study addresses 
an overlooked aspect in the literature and offers a 
methodological perspective for designing lightweight, scalable, 
and inclusive speech-based gender recognition systems. 

 
2. Method 

This study employs feature selection methods to optimize 
gender detection using the Random Forest algorithm in 
classifying human voices. The research process consists of 
several stages, beginning with feature selection to identify five 
features with correlation values closest to 1 with the target 
label, followed by splitting the dataset into training and testing 
sets, conducting gender detection using Random Forest, and 
finally comparing the performance of gender detection between 
using 22 features and 5 features to evaluate differences in 
accuracy and computation time. The overall research framework 
is as follows (Fig. 1): 

a. Dataset voice.csv (3,168 samples and 23 features) 
b. Feature Selection (Pearson Correlation), with 5 features 

selected 
c. Data Split (80% training and 20% testing) 
d. Model: Random Forest (n_estimators=100, 

max_depth=None, …) 
e. Metrics Evaluation (Accuracy, Precision, Recall, F1-score, 

and Processing Time) 

 
2.1. Human Voice Dataset 

The dataset used in this research was obtained from Kaggle 
under the file name voice.csv. It consists of 3,168 labeled audio 
records, including 1,584 male voices and 1,584 female voices. 
Each record contains 23 acoustic features, with the target 
variable labeled as “label,” representing the gender of each 
voice sample. This dataset is balanced and well-suited for 
gender classification tasks. 
 
2.2. Feature Selection 

Feature selection was conducted to identify and retain the 
most significant attributes contributing to gender classification. 
Using Pearson’s correlation analysis, five features with 
correlation values approaching 1 with the target variable were 
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selected, indicating a very strong positive relationship. This step 
ensured that only the most relevant features were included in 
the model, thereby reducing complexity and enhancing 
efficiency. By focusing on these features, the study not only 
improved model performance but also provided more 
interpretable results, offering valuable insights for data-driven 
decision-making. 

Pearson’s correlation analysis was chosen as a lightweight 
and interpretable baseline method to identify features most 
associated with the target variable. Its simplicity makes it 
suitable for exploratory feature reduction in balanced datasets. 
However, it is acknowledged that acoustic data often exhibits 
non-linear relationships, and Random Forest itself provides 
built-in feature importance measures such as Gini Importance 
and Permutation Importance. While these alternatives may 
capture more complex dependencies, this study emphasizes 
correlation-based selection to evaluate whether a simple, 
computationally efficient approach can yield competitive 
results. Future work should incorporate a comparative analysis 
of these approaches to further validate robustness. 
 
2.3. Data Splitting 

After feature selection, the dataset was divided into training 
and testing subsets to evaluate model generalization. The split 
ratio was set at 80% for training and 20% for testing. Random 
splitting was applied to ensure that both subsets were 
representative of the entire dataset. This procedure allowed the 
model to learn patterns from the training data and subsequently 
be validated on unseen testing data. Such a method is critical to 
ensure that the evaluation reflects real-world performance and 
reduces the risk of overfitting. 

For this study, a single 80/20 train-test split was employed. 
We explicitly acknowledge that this method is not as robust as 
k-fold cross-validation (e.g., k = 5 or 10) and that the results 
presented are subject to variance from this specific data 
partition. Therefore, the findings of this paper should not be 
interpreted as a definitive performance benchmark. Rather, this 
study serves as an illustrative proof-of-concept to investigate 
the potential impact of simple feature selection on 
computational efficiency. Given that the dataset is large and 
perfectly balanced, a single split is considered sufficient for this 
preliminary, illustrative purpose. We strongly emphasize that a 
follow-up study using rigorous k-fold cross-validation is 
essential to definitively validate these findings. 
 
2.4. Random Forest Detection 

The Random Forest classification was carried out twice: once 
using all 22 features and once using only the five selected 
features. This dual approach was designed to compare 
performance metrics, including accuracy, precision, recall, and 
F1-score, across both scenarios. By analyzing the results, the 
study assessed the effectiveness of feature selection in 
improving classification outcomes while also examining the 
robustness of Random Forest in processing acoustic signals. The 
comparative evaluation provides evidence of the significance of 
feature selection in machine learning pipelines and highlights 
Random Forest’s potential as a reliable algorithm for voice-
based gender recognition. Ultimately, the findings are expected 
to contribute to the broader field of speech recognition and 
open avenues for future research into more efficient and 
accurate classification algorithms. 

The Random Forest model was implemented using scikit-

 
 

Fig. 1. Research block diagram 
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learn with the following hyperparameters:  

• n_estimators =  100,  
• max_depth = None,  
• min_samples_split = 2,  
• min_samples_leaf = 1, and  
• random_state = 42.  

These default settings were chosen to emphasize the effect of 
feature selection rather than hyperparameter tuning. While no 
extensive optimization was performed, future work could apply 
grid search or Bayesian optimization to further improve 
performance. 

 
3. Results 

3.1. Feature Selection Results 

From the initial 22 features, the five with the highest 
correlation values—Mean Frequency, Interquartile Range, 
Quartile 25, Spectral Entropy, and Standard Deviation—were 
retained. While these values ranged between 0.47 and 0.83, they 
still represent the strongest associations within the dataset. The 
choice of five features was made to balance interpretability and 
efficiency, serving as a proof of concept rather than claiming 
optimality. We acknowledge that a systematic ablation study 
(e.g., testing models with 3, 4, 6, or more features) would 
provide deeper insights into the optimal feature set, and 
recommend this direction for future research. 
 
3.2. Comparison Between 5 Features and 22 Features 

The comparison between models using all 22 features and 
those limited to 5 selected features highlights the crucial role of 
feature selection in enhancing model performance. 
Implementing feature selection led to notable improvements 
across evaluation metrics, demonstrating that Random Forest is 
particularly effective in managing high-dimensional data while 
delivering accurate predictions. By restricting the model to only 
five highly relevant features, the complexity of the model was 
reduced, resulting in faster processing time without 
compromising accuracy. In contrast, the model utilizing all 22 
features yielded slightly lower performance metrics on the test 
set, where the model performed well on training data but 
struggled to generalize effectively on unseen data. 

As shown in Table 2, the evaluation metrics—including 
accuracy, precision, recall, and F1-score—all improved slightly 
when using 5 features compared to 22. Furthermore, the 
processing time decreased significantly from 0.3 seconds to 0.1 
seconds, underscoring the efficiency gained through feature 

selection. These findings suggest that feature selection not only 
simplifies the model but also enhances its overall performance, 
making it a valuable approach in developing efficient and 
effective machine learning models for voice-based gender 
recognition. 

  
4. Discussion 

The experimental results indicate that feature selection 
improved model efficiency more substantially than accuracy. 
While the accuracy increased only marginally from 98% to 
99%—a difference likely not statistically significant—the 
computational efficiency gain was substantial, with processing 
time reduced by 66% (0.3s to 0.1s). This suggests that the 
primary contribution of correlation-based feature selection lies 
in enabling faster and lighter models suitable for real-time 
deployment, rather than in marginal accuracy improvements 
(Aithal et al., 2024; K. & Aithal, 2022; Dantcheva et al., 2016). 
Voice-based biometrics offer the advantage of being unique to 
each individual and relatively easy to collect, making the 
improvements from feature selection particularly valuable for 
real-world applications. 

The findings further highlight the critical role of voice-based 
gender recognition in security, forensics, and human–computer 
interaction. Higher accuracy obtained through feature selection 
suggests that systems using optimized models can improve 
identity verification, reducing risks of fraud and misuse that 
often arise with password-based systems (Bora et al., 2023; 
Štitilis et al., 2023). At the same time, the reduction in 
computational complexity without compromising accuracy is 
especially relevant in real-time applications such as voice 
assistants and surveillance systems. However, the ethical 
concerns regarding bias in biometric systems remain pressing. 
As Chen et al (2022) and Jansen et al (2021) argue, demographic 
biases in recognition systems can perpetuate inequality, 
underscoring the need for diverse datasets and fairness-
oriented algorithms in future research. 

The application of feature selection in this study directly 
addresses key challenges in voice data classification, including 
complexity, frequency variation, noise, and high 
dimensionality. The comparable performance obtained with 
fewer features supports the argument that correlation-based 
feature selection can help simplify models by removing 
potentially redundant features, thereby improving efficiency 
(Farida & Mustopa, 2023; Swastika et al., 2023; Yusdiantoro & 
Sasongko, 2023). Furthermore, the efficiency gains shown in 
processing time reflect findings from previous research that 
emphasize the role of preprocessing, normalization, and data 
balancing techniques such as SMOTE in optimizing 
classification outcomes (Suryanegara et al., 2021; Syukron et al., 

Table 2. Correlation values of selected features 

Feature Correlation Value 

Meanfun (Mean Frequency) 0.83 
IQR (Interquartile Range) 0.61 
Q25 (Quartile 25) 0.51 
sp.ent (Spectral Entropy) 0.49 
sd (Standard Deviation) 0.47 

 

Table 1. Performance comparison between 22 features and 5 features 

Evaluation Metric 22 Features 5 Features 

Accuracy (%) 98 99 
Precision (%) 98 99 
Recall (%) 97 99 
F1 Score (%) 98 99 
Processing Time (s) 0.3 0.1 
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2023). Thus, the present study reinforces the notion that 
effective feature management is as important as algorithm 
selection in machine learning pipelines. 

The robustness of Random Forest as a classifier is also 
confirmed in this study. The algorithm’s ensemble mechanism, 
which aggregates results from multiple decision trees, allowed 
it to effectively manage high-dimensional voice data while 
minimizing overfitting. Similar results have been documented 
across domains, including medical diagnostics and 
environmental monitoring, where Random Forest consistently 
outperforms other classifiers in handling noisy and non-linear 
data (Islam et al., 2024; Ren et al., 2022; Xu et al., 2025; Zhou et 
al., 2022). The ability of Random Forest to internally assess 
feature importance also complements the explicit feature 
selection process, further supporting its role as a reliable 
algorithm for speech-based applications (Maxwell et al., 2018; 
Wen & Hughes, 2020; Zhang et al., 2022). 

Taken together, these findings suggest that combining 
feature selection with Random Forest may not significantly alter 
predictive accuracy but can substantially enhance efficiency, 
interpretability, and scalability in voice-based gender 
recognition. This study supports earlier research highlighting 
Random Forest’s adaptability to complex and non-linear 
datasets (Han et al., 2017; Sen, 2024), while extending the 
discussion to the context of gender classification. At the same 
time, the results invite further exploration into integrating 
advanced feature extraction methods, such as deep learning-
based representations (Kim & Yang, 2018) and multimodal 
approaches combining audio with visual or contextual data (De 
Kloet & Yang, 2022; Taha et al., 2024). Such directions will help 
ensure that future systems are not only accurate and efficient 
but also fair, inclusive, and ethically aligned with broader 
societal needs. 

The selection of Mean Frequency as a key predictor aligns 
with the well-established pitch differences between male and 
female voices, typically centered around 120 Hz and 210 Hz, 
respectively. Interquartile Range (IQR) and Quartile 25 (Q25) 
reflect the distribution of spectral energy and provide insights 
into vocal tract resonance characteristics, which differ 
structurally between genders. Spectral Entropy measures the 
disorder of the frequency spectrum, with male voices often 
exhibiting lower entropy due to stronger harmonic structures, 
while female voices display greater spectral variability. Standard 
Deviation captures variability in frequency distribution, further 
distinguishing the dynamic range of male and female vocal 
patterns. Collectively, these features provide a strong acoustic 
rationale for why they are effective predictors of gender 
classification, beyond their statistical correlation values. 
 
5. Conclusion 

This study illustrated that applying correlation-based 
feature selection enhances the efficiency of Random Forest in 
classifying gender from voice data. By reducing the original 22 
acoustic features to 5 key attributes, the model achieved a 
marginal improvement in accuracy from 98% to 99%. 
Furthermore, it substantially reduces computation time to 
approximately 66%. This suggests that efficiency, rather than 
accuracy alone, is the primary benefit of lightweight feature 
selection for real-time applications. 

The outcomes of this research suggest that practical voice-
based biometric systems can be designed to be both accurate 

and computationally efficient, making them suitable for 
deployment in resource-constrained or real-time environments 
such as chatbots, digital authentication, and surveillance. 
Beyond technical performance, this study contributes by 
reframing efficiency as a critical dimension of machine learning 
pipelines and encourages future research to explore ablation 
studies for feature optimization as well as the integration of 
non-linear or fairness-oriented feature selection methods. 
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