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Abstract: The use of speech-based recognition technologies in human-computer interactions is
increasing daily. Age and gender recognition, one of these technologies, is a popular research topic
used directly or indirectly in many applications. In this research, a new age and gender recognition
approach based on the ensemble of different machine learning algorithms is proposed. In the study,
five different classifiers, namely KNN, SVM, LR, RE, and E-TREE, are used as base-level classifiers and
the majority voting and stacking methods are used to create the ensemble models. First, using MFCC
features, five base-level classifiers are created and the performance of each model is evaluated. Then,
starting from the one with the highest performance, these classifiers are combined and ensemble
models are created. In the study, eight different ensemble models are created and the performances of
each are examined separately. The experiments conducted with the Turkish subsection of the Mozilla
Common Voice dataset show that the ensemble models increase the recognition accuracy, and the
highest accuracy of 97.41% is achieved with the ensemble model created by stacking five classifiers
(SVM, E-TREE, RF, KNN, and LR). According to this result, the proposed ensemble model achieves
superior accuracy compared to similar studies in recognizing age and gender from speech signals.

Keywords: ensemble learning; hyperparameter tuning; majority voting; speaker age and gender
recognition; stacking

1. Introduction

Speech production is a complex process that begins in the brain and requires the
coordination of the lungs, larynx, vocal cords, tongue, lips, mouth, and facial muscles. It
depends on many anatomical features such as the dimensions of the mouth, pharynx, and
nasal cavity; the shape and size of the tongue and lips; the position of the teeth; and the
elasticity and density of the tissues [1]. These features vary from person to person, and
accordingly, the speech produced by each person is different. In this context, a speech
signal contains verbal content as well as information about the speaker, such as his/her
identity, language, age, gender, accent, and emotional state [2]. Human beings can easily
extract this information from speech signals and use it frequently in their communication
with each other. The information outside the verbal content of the speech is called par-
alinguistic information, and this information is extremely important for human—computer
interactions. Recently, paralinguistic information extracted from speech has begun to
be used in many areas such as banking systems, call centers, intelligent voice assistants,
security, and advertising [3,4]. Age and gender are among the most important pieces of
paralinguistic information, and this information can be used for different purposes such
as determining the appropriate customer representative; selecting music, advertising, or
different content; or defining authorizations to access certain resources [5-7]. In addition,
age and gender recognition can be used as preprocessing in other speech-based systems
such as speaker, speech, or emotion recognition to develop age- and gender-specific models
and their performance can be increased by using these models [6].

There are many studies on recognizing the age and gender classes of the speaker from
the speech signal. In some of these studies, the age and gender information of the speakers
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is considered together, while in others, this information is evaluated separately [7-13]. In
gender recognition, it is aimed to determine the speakers as male and female and in age
recognition, it is aimed to determine the speaker’s exact age in years or the age group such
as young, adult, or elderly. In the studies where age and gender are examined together,
speakers are classified according to definitions that indicate both their age and gender
groups, such as young females. As for age groups, class definitions such as young, adult,
and elderly or with age ranges in the tens such as the twenties, thirties, and forties are
generally used. On the other hand, some studies specifically focus on child speakers [14,15].
In this research, age and gender classifications were considered together and a classification
with a total of twelve classes was carried out, defined by the combination of two classes
(male and female) according to gender and seven classes (20s, 30s, 40s, 50s, 60s, 70s, and
80s) according to age. This grouping is more inclusive than the grouping of young, adult,
and elderly and is therefore a more challenging task.

The task of recognizing the age and gender of the speaker from the speech signal
consists of two critical stages, namely feature extraction and classification. The first of these
steps, feature extraction, is the process of extracting measurement values representing the
speech and the speaker from the speech signal, and the effectiveness of this process directly
affects the recognition rate. There are various methods used in the literature to extract fea-
tures from speech signals. Mel spectrogram, mel-frequency cepstral coefficients (MFCCs),
linear prediction cepstrum coefficients (LPCCs), spectral features, chroma, fundamental
frequency (F0), zero-crossing rate (ZCR), and harmonic features are some of the most com-
monly used speech features [16,17]. After the feature extraction stage, a machine learning
model is trained with the determined feature vectors, and the model is evaluated with
the test dataset. Artificial neural networks, support vector machines, k-nearest neighbors,
convolutional neural networks, logistic regression, naive Bayes, random forest, recurrent
neural networks, decision tree, and long short-term memory are some of the widely used
machine learning algorithms [10,11,18]. Recently, two approaches have become dominant
in machine learning: deep learning and ensemble learning [19]. Deep learning is a branch
of machine learning based on a neural network structure inspired by biological models of
computation and cognition in the human brain. Deep learning models can predict very
complex non-linear relationships by automatically learning distinctive features from raw
input data and can solve the most challenging problems [20]. However, they require large
amounts of data and computational resources. Also, complex deep-learning models face the
risk of overfitting. On the other hand, the ensemble learning approach is based on the idea
of creating a stronger model by combining multiple individual models [19]. Additionally,
the diversity provided by the base-level models that form the ensemble model also helps
reduce the risk of overfitting. Ensemble learning has been successfully applied in various
fields, and superior performances have been achieved compared to single models [21].
This research aims to develop a new model based on ensemble learning to recognize age
and gender from the speech signal. For this purpose, eight different ensemble models
were created by combining five base-level classifiers in different orders, and the optimum
ensemble model was determined by evaluating the performances of each. The results
obtained in the experiments reveal that the ensemble model proposed in this research
provides superior age and gender recognition accuracy compared to the existing methods
in the literature.

The main contributions of the study can be summarized as follows:

e  This is the first study, to our knowledge, that uses ensemble learning for classification
tasks while considering both the speaker’s age and gender.

e  The classification in the study is based on a more detailed class definition, where
speakers are categorized as male and female with 10-year age intervals.

e  Even though the proposed ensemble model takes into account a higher number of
classes, it demonstrates superior performance compared to state-of-the-art methods.
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2. Related Works

Goyal et al. [8] discussed predicting the age and gender classes of the speaker from
the speech signal using multiLayer perceptron (MLP) architecture. In the study, features
such as MFCCs, pitch, formants, and chroma were extracted from each speech signal and
then selected using the principal component analysis and redundant feature elimination
techniques. In the tests performed on the Mozilla Speech database, the accuracy of the
developed model was measured as 89.58%. In another study, Tursunov et al. [6] proposed a
new end-to-end age and gender recognition model based on CNN with multiple attention
module (MAM). In the study, the multiple attention module was used to extract salient
features from the input. The proposed model was tested with Common Voice and a local
Korean speech dataset. In these tests, the proposed model’s gender, age, and age—gender
classification accuracies on the Common Voice dataset were 96%, 73%, and 76%, while
its accuracies on the Korean speech dataset were 97%, 97%, and 90%, respectively. In
their study, Kwasny and Hemmerling [7] applied various deep neural network-based
embedding architectures such as x-vector and d-vector for the task of age estimation and
gender classification. The system with the best performance reached a mean absolute error
(MSE) rate of 5.12 for males and 5.29 for females in age estimation and 99.60% accuracy in
gender recognition. In another study, Sanchez-Hevia et al. [10] analyzed the performance
of different types of deep neural networks to jointly determine the age and gender classes
of the speaker from the speech signal. The study examined convolutional neural networks
and the networks that use historical information such as recurrent convolutional neural
networks and temporal convolutional networks. In experiments conducted with the Mozilla
Common Voice dataset, error rates of below 2% in gender classification and below 20% in
age classification were achieved. In [13], different prediction models were created to predict
the age, gender, and emotion classes from audio clips, and the test accuracies of each model
were compared. In the study, the highest gender prediction accuracy was measured as
96.4% with the CatBoost model, and the highest age prediction accuracy was measured
as 70.4% with the random forest model. In another study, Almomani et al. [4] proposed a
novel system to classify speech based on the gender, age, and accent of the speakers using
machine learning based on an adaptive backpropagation and bagging algorithm. In the
experiments, the gender classification accuracy of the adaptive backpropagation algorithm
was 98% and the accuracy of the bagging algorithm was 98.10%, while the highest accuracy
in age classification was 55.39% with the bagging algorithm. In the study of Kone et al. [22],
two different models were proposed for age and gender predictions. While a sequential
model with five hidden layers was used for gender prediction, PCA and logistic regression
were used as a pipeline for age prediction. In experiments conducted on the Common
Voice dataset, an accuracy of around 91% for gender and 59% for age was achieved. In
another study, Haluska et al. [12] proposed a CNN model for age and gender recognition
from speech signals. In the study, variability was added to the training set by masking
at random frequencies on the spectrograms, and thus the generalizability of the model
was improved. In the study, the gender classification accuracy of the proposed model was
reported as 94.99% and the age classification accuracy was reported as 75.24%.

3. Dataset and Methods
3.1. Dataset

The Mozilla Common Voice dataset [23] was used to evaluate the models proposed
in this research. It is a multilingual speech corpus consisting of audio recordings of texts
taken from public domain sources and voiced by volunteers. An ordinary Internet user can
contribute to this corpus as a speaker or a listener after the registration stage. This dataset
is collected for speech recognition purposes, but since the age, gender, language, and accent
information of the speakers are available in the dataset, it is also used for different purposes.
The dataset consists of three subsections. Audio clips that are listened to by at least two
listeners and whose audio-text match is approved by the majority vote of the listeners
are in the “valid” subsection, while those that are rejected are in the “invalid” subsection.
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Audio clips with fewer than two votes or equal valid and invalid votes are in the “other’
subsection. All audio clips are stored as mp3 files, and the information about each recording
is available in a csv file. In the dataset, speakers are divided into nine groups according to
their age. These age groups and age ranges are as follows: teens: “<19”, twenties: “19-29”,
thirties: “30-39”, forties: “40-49”, fifties: “50-59”, sixties: “60-69”, seventies: “70-79”,
eighties: “80-89”, and nineties: “>89”.

This study utilized the Turkish subset of the Common Voice dataset, version 18.0,
which consists of 121 h of verified speech data. However, some recordings in the dataset do
not include age or gender information and there are instances where the audio-text match
received down-votes. Additionally, certain classes within the dataset have very few or no
records, such as “teens”, “seventies male”, and “eighties male”. To address these issues,
recordings with missing age or gender information, those down-voted, and classes with
insufficient records were removed from the dataset. As a result, 12 classes remained in the
dataset, comprising two gender classes and seven age classes. However, the records in
the dataset are clustered into certain classes. For example, while there are 670 records in
the twenties female class, there are 10.555 records in the twenties male class. To eliminate
this imbalance, a balanced dataset containing 8040 conversations was created by randomly
selecting an equal number of records from each age and gender classes, and this dataset
was used in experimental studies. The class definitions in this dataset are given in Table 1.

Table 1. The class definitions used in the study.

Class ID Class Label Class Definition = Age Range Gender
#1 F20s Twenties female  20-29 Female
#2 M20s Twenties male 20-29 Male
#3 F30s Thirties female 30-39 Female
#4 M30s Thirties male 30-39 Male
#5 F40s Forties female 40-49 Female
#6 M40s Forties male 40-49 Male
#7 F50s Fifties female 50-59 Female
#8 M50s Fifties male 50-59 Male
#9 F60s Sixties female 60-69 Female
#10 M60s Sixties male 60-69 Male
#11 F70s Seventies female  70-79 Female
#12 F80s Eighties female 80-89 Female

3.2. Feature Extraction

Extracting relevant features from the speech signal is one of the most critical steps that
affects the performance of recognition systems. As a result of this process, speech signals are
converted from their natural waveforms into a more compact parametric representation [7].
Various features can be used to recognize the age and gender of a speaker from the speech
signal. However, mel-frequency cepstral coefficients (MFCCs) are the most effective speech
feature type and were also used in this study. The feature extraction process of MFCCs
includes many steps. The first two steps are framing and windowing. In the framing, the
signal is divided into short segments that are assumed to be stationary. At this stage, an
overlap area is created between two frames to prevent information loss between adjacent
frames. The typical window length is 20-30 ms, and the overlap rate is 50%. In the
windowing step, a window function is applied to each frame to reduce the discontinuity at
the edges of the frames. In speech processing studies, the Hamming or Hamming window
function is generally used. In the next step, after calculating the magnitude spectrum of the
signal by applying DFT to each frame, it was converted into a mel spectrum by passing it
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through a filter bank based on the mel scale, which represents the frequency perceived by
the human ear [24]. Finally, after taking the logarithm of the mel spectrogram, the inverse
cosine transformation was applied to obtain MFCCs. Thus, an acoustic vector representing
each speech signal was obtained. In this study, Python’s “Librosa” package was used with
the following parameters to calculate MFCC features: number of MFCCs: 40, sampling
rate: 2050, window length: 2048, window function: Hanning, and hop length: 512.

3.3. Ensemble Learning

Ensemble learning is a machine learning approach in which multiple learners, called
base learners, are trained and combined to solve the same problem. In this paradigm, each
base learner is considered an expert, and the idea that more accurate and robust models
can be obtained by correctly combining the individual judgments of different experts
constitutes the main hypothesis of this paradigm [25]. In numerous experimental and
theoretical studies, it has been shown that the accuracy of ensemble models is generally
superior to that of a single model [26]. There are various ensemble techniques depending
on the approaches used in training and combining the base learners [27]. In this article, two
popular ensemble methods, majority voting, and stacking, were investigated to classify
speakers by age and gender.

3.3.1. Majority Voting

In classification problems, the voting method is often used to combine multiple base-
level classifiers. Majority voting and weighted voting are two widely used voting meth-
ods [27]. In majority voting, the class label of the unknown sample is predicted according to
the class with the highest votes among the members forming the ensemble model. This tech-
nique is also known as plurality voting and does not require any parameter optimization
after training the base-level classifiers. This method is expressed as follows:

class(x) = arg max (Zkf(yk(x),ci)) (1)

where vy (x) is the prediction of the k'th model and f(y, ¢) is the indicator function with the
following definition:

fne) = {1 @

The weighted majority voting is a trainable version of majority voting. In this method,
different weights are assigned to the predictions of the base-level classifiers in the ensemble
according to the performance or reliability of each classifier. After multiplying the predic-
tions of each classifier by the weight assigned to it, these values are summed to calculate
the weighted votes for each class. The final prediction is made according to this value, and
the class with the highest weighted vote is determined as the class of the input data. In
weighted voting, the selection of the weights of the base-level classifiers is a critical issue.
Various approaches based on artificial intelligence such as genetic algorithms, particle
swarm optimization, and fuzzy sets have been proposed on this issue [28].

3.3.2. Stacking

Stacking is an ensemble learning approach in which the results of the base classifiers
forming the ensemble are combined with a meta-classifier. This approach consists of two
stages called Level 0 and Level 1, and its schematic diagram is as shown in Figure 1. In
the first stage, a set of base-level classifiers is generated from the initial training dataset.
Then, the predictions of these classifiers are stacked and the predictions are applied to the
meta-classifier to produce the final predictions of the ensemble model. The training set of
the meta-classifier is created according to the leave-one-out or cross-validation procedure.
Assuming that there are L base-level classifiers and a training set consisting of m samples,
in the leave-one-out procedure, one sample from the training set, s;, is reserved for testing
and the base-level classifiers are trained with the remaining m — 1 samples. Then, the
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predictions of the base-level classifiers are generated for the sample, s;. This process is
repeated for all samples, and the training set of the meta-classifier is created by stacking
the correct classes of the samples with the predictions of the L base-level classifiers. If the
leave-one-out method is used to train base-level classifiers, L classifier must be trained m
times. This process will be quite time-consuming for a large dataset. In this case, the k—fold
cross-validation method was used instead of leave-one-out. The training dataset was
divided into k parts; one of these parts was used for testing the classifier, and the other k — 1
part was used for training the classifier. Thus, the L base-level classifier was trained k times
instead of m. Since k will be considerably smaller than m, the use of this method in training
base-level classifiers will significantly reduce the computational cost. In this research, the
five-fold CV approach was used to generate the training set of the meta-classifier. Any
machine learning method can be used as a meta-classifier, but experimental studies have
shown that the use of complex models causes overfitting problems [29]. For this reason,
simple models such as linear regression are preferred as meta-classifiers [30].

Testing Data

Meta-Classifier

Training Data

e e

Level O Level 1

Figure 1. The schematic diagram of stacking ensemble learning.

3.3.3. Base-Level Classifiers

In classification based on ensemble learning, it is very important to determine the base-
level classifiers that form the ensemble model. The basic idea in determining base-level
classifiers is to provide rich diversity to the ensemble by using various types of machine
learning algorithms. Therefore, it is recommended to include in the ensemble various
models that make different assumptions in solving predictive modeling tasks, such as
linear models, decision trees, support vector machines, and KNN. To provide the desired
diversity in this study, a classifier pool consisting of KNN, SVM, RF, LR, and extra trees
was selected as the base-level classifier. A brief description of these classifiers is given in
the following subsection.

K-Nearest Neighbor (KNN)

KNN is one of the most commonly used supervised machine learning methods. The
KNN method, which stands out with its ease of use and flexibility, has no training phase
and is therefore also known as lazy learning [31]. The letter K in the name of the algorithm
represents the number of neighbors included in the classification process and is one of
the most important parameters affecting classification accuracy. In the first stage of the
algorithm, to determine the class to which a test sample belongs, the distances between
the test sample and all samples in the training dataset are calculated. Then, the K nearest
neighbors are selected according to the calculated distances, and the class label of the
test sample is determined according to the majority vote among the K nearest neighbors.
There are different distance metrics such as Euclidean, Manhattan, and Minkowski used to
determine the nearest neighbors. However, no value gives the best results in all datasets
for both the distance metric and the number of nearest neighbors. For this reason, the
optimum values of these parameters should be determined through a process called
hyperparameter tuning. There are different methods used for hyperparameter tuning,
such as manual tuning, random search, and grid search [32]. Of these, the grid search
requires less experience and computational load and is therefore more popular. In the
grid search, the aim is to determine the values that give the best results by scanning
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hyperparameter values within a certain range. The grid search method was used for the
parameter optimization of all classifiers developed in this study.

Support Vector Machine (SVM)

SVM is one of the most powerful supervised machine learning methods used in
both classification and regression problems. However, it is used more frequently for
classification purposes. SVMs are mainly developed for binary classification, but they
can also be extended to multi-class classification tasks using various methods [33]. The
purpose of the SVM algorithm is to find the best possible decision boundary that separates
data points belonging to different classes into their classes. While this boundary is a line
in a two-dimensional feature space, it is called a hyperplane in high-dimensional space.
There may be multiple hyperplanes that separate data points into their classes. The best of
these is the hyperplane with the maximum margin; that is, the distance between classes is
maximum, and SVM tries to determine it. The SVM algorithm was originally proposed
to create linear classifiers [34]. However, with the use of an approach called the kernel
trick, SVMs have been enabled to perform non-linear classification effectively. The kernel
trick is a simple method based on projecting data that cannot be classified as linear into
a higher dimensional space where they can be classified as linear [35]. There are various
kernel functions used for this projection, such as polynomial kernel, Gaussian kernel, and
sigmoid kernel. The kernel function is highly dependent on the dataset and the task, so it is
usually determined as a result of an optimization process. In this research, the grid search
was used to determine the kernel function.

Logistic Regression (LR)

LR is a supervised machine learning algorithm mainly used for classification tasks.
LR aims to estimate the probability that a test sample belongs to a particular class. To do
this, first a linear combination of the features of the samples is taken and then a non-linear
sigmoidal function is applied to them [36]. Logistic regression and linear regression can
sometimes be confused since they both have the term regression in their names. However,
they are quite different from each other. Linear regression is a regression algorithm, and
the output is continuous values. On the other hand, logistic regression is a classification
algorithm, and its output is the probability that a sample belongs to a particular class. LR
was originally developed for binary classification, but it can be straightforwardly extended
to multiclass classification (it is called multinomial logistic regression).

Random Forest (RF)

RF is a decision tree-based ensemble learning approach widely used in both classifica-
tion and regression problems. In simple terms, random forest can be described as a large
group of decision trees (DTs) that work together to produce the best possible conclusions.
Each of the individual trees in the RF is constructed using a random subset of the training
dataset. This subset is created by randomly selecting samples from the training data with
replacement, and this process is called bootstrapping. A similar randomness in the selection
of bootstrap samples is also used in feature selection. At each node, a randomly selected
subset of features is used instead of all features. These two randomness in the training
phase help the RF model make better predictions by reducing the correlation between
individual decision trees [31]. To classify a new sample, the input vector of the sample is
applied to each DT in the forest, and each DT produces an output by evaluating a different
part of the input vector. These results are then combined according to majority voting to
determine the final prediction. Various parameters affect the accuracy of the RF classifier.
Of these parameters, the number of decision trees in the forest and the number of features
considered for splitting at each leaf node are the most critical [37]. In this research, these
two parameters were optimized with the grid search method.
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Extra Tree (E-TREE)

E-TREE [38] is a modified version of the random forest classifier. Like random forest, it
builds a large number of decision trees and splits nodes using a random subset of features.
The main difference between E-TREE and RF is the changes in the strategies used to
ensure variability of the samples and covariates. The first difference arises in the selection
of the training set of each decision tree. While random forest uses randomly selected
bootstrap samples, extra trees uses the entire training set. Another difference between
the two methods is related to the selection of features used in each decision tree. In RF, a
random subset of features is selected for each tree, and the best feature for each node split
is selected based on some mathematical criterion (typically the Gini index). On the other
hand, E-TREE is more aggressive and randomly selects a threshold value for each feature
to split the node. Thus, E-TREE becomes more random than RF because it eliminates the
bias caused by the selection of the best feature.

3.3.4. Hyperparameter Optimization

ML algorithms have a set of hyperparameters that control the learning process. The
process of determining the optimum values of these parameters is known as hyperparam-
eter optimization and is one of the most important steps affecting model performance.
There are various methods for hyperparameter optimization [39]. In this research, grid
search cross-validation (GridSearchCV) was used in parameter optimization of base-level
classifiers. GridSearchCV is one of the most commonly used methods for optimizing the
hyperparameters of a machine learning model. In this method, grid search and cross-
validation (CV) techniques were used together to find the best parameter for the model.
The grid search method uses a brute-force search technique and systematically explores all
possible combinations of hyperparameter values in a given range. CV is a data-splitting
method used to evaluate the generalization performance of the model. In CV, the available
dataset is divided into multiple folds, and one of these folds is used for validation, while
the other folds are used for training. The process is repeated each time using a different
fold for the validation set. Finally, the performance of the model is calculated by averaging
the results from each validation step. In the GridSearchCV method, the CV step is repeated
for all parameter combinations examined by the grid search, and the optimum parameters
are determined according to the classification accuracies. In this study, a ten-fold CV was
used for hyperparameter optimization. The investigated parameter ranges and determined
optimum values for each classifier are given in Table 2.

Table 2. Hyperparameters for the base-level classifiers.

Classifier Range of Hyperparameters Selected Values
C:[1, 10, 100, 1000] 1000

SVM gamma: [0.1, 0.01, 0.001, 0.0001] 0.0001
kernel: ['linear’, ‘rbf’, “poly’] rbf

KNN n_neighbors: [1, 2, ..., 26] 1
metric: ["Euclidean’, ‘Manhattan’, ‘Minkowski’] Manhattan

RE max_features: [‘sqrt’, ‘log2’] Log2
n_estimators: [100, 300, 500, 700] 700
max_features: [3,5,7,9,11] 9

E-TREE n_estimators: [100, 200, . .., 1000] 900
C:[0.001,0.01, 0.1, 1, 10, 100, 1000] 0.01

LR Penalty: [‘117, 12'] 12

solver: ['lbfgs’, ‘liblinear’, ‘newton-cg’] newton-cg




Appl. Sci. 2024, 14, 6868

9 of 15

4. Experimental Evaluation
4.1. Experimental Setup

The models proposed in this study were implemented in Python using machine
learning libraries such as pandas, numpy, librosa, and sklearn. Preprocessing steps, such
as dataset preparation, splitting it into training and test sets, and feature extraction, were
carried out on a Windows 10 Laptop PC with the following specifications: Intel Core i5
4th generation, 8 GB RAM, and Intel HD Graphics 4600 graphics card. On the other hand,
the training and evaluation of the models were performed in the Jupyter Notebook on the
Google Colab platform. In the development of all models, 8040 randomly selected speech
recordings from the Turkish subsection of the MCV dataset were used. This dataset was
divided into training and test parts in a ratio of 75:25. First, hyperparameter optimization
was performed with a ten-fold CV using the training dataset. Then, the models were
trained using the same dataset with the determined optimum parameters. Finally, the
performance of the models on the test dataset was evaluated.

4.2. Performance Measures

In the study, the following metrics were used to evaluate the performance of the
proposed models: accuracy, precision, recall, and F1 score. These metrics were calculated
based on the relationship between the true class of the data and the model’s prediction.
There were four different situations between the true and predicted class. These were
TP (true-positive), TN (true-negative), FP (false-positive), and FN (false-negative). TP
represents positive samples that were correctly predicted as positive, while TN repre-
sents negative samples that were correctly predicted as negative. On the other hand, FP
represents negative samples that were incorrectly predicted as positive, while FN repre-
sents positive samples that were incorrectly predicted as negative. With these definitions,
accuracy, precision, recall, and F1 score metrics were defined by the following equations:

TN+ TP

Accuracy = TP+ FP + EN + TN 3)
.. TP
Precision = TP+ D 4)
TP
Recall = TPLEN (5)
2 % Precisi R
F1 — scrore — * Precision * Recall ©)

Precision + Recall

4.3. Experimental Results

In this section, the experimental results of five base-level classifiers and eight ensemble
models created with these classifiers on the Turkish subsection of the MCV dataset are
presented. First, the experimental results of the base-level classifiers and then the ensemble
models are given separately.

4.3.1. Performances of Base-Level Classifiers

In this study, five different classifiers, namely KNN, SVM, RE E-TREE, and LR, were
examined as base-level classifiers. First, parameter optimization was performed for each of
these classifiers with the cross-validation method. Then, the models were created with the
determined optimum parameters and training of each was carried out. Finally, the process
was completed by testing the models with a dataset that was not used in the training
phase. The same dataset was used in the training and testing phases of all models. This
dataset was selected from the Turkish subsection of the MCV dataset according to the
criteria specified in Section 3.1, and 75% of the dataset was used for model training and the
remaining 25% for model testing. The accuracy, precision, recall, and F1 scores obtained in



Appl. Sci. 2024, 14, 6868

10 of 15

these experiments are given in Table 3. The best results for each metric are highlighted in
bold in the table.

Table 3. Age and gender classification performances of base-level classifiers.

Base-Level Classifier Accuracy Precision Recall F1 Score
KNN 91.94 92.17 91.94 91.96
SVM 96.37 96.39 96.37 96.35
RF 95.57 95.71 95.57 95.54
E-TREE 96.02 96.22 96.02 96.00
LR 91.59 91.57 91.59 91.53

As seen in Table 3, SVM is the best classifier in terms of all evaluation metrics among
the base-level classifiers. The SVM classifier reached 96.37% accuracy by correctly classify-
ing 1937 of 2010 speeches in the test dataset, followed by E-TREE with 96.02% accuracy, RF
with 95.57% accuracy, and KNN classifiers with 91.94% accuracy. Among the base-level
classifiers, the classifier with the lowest accuracy is LR with 91.59%. The confusion matrix
of the SVM classifier is given in Table 4. The confusion matrix represents the classifier’s
predictions in detail and is widely used in performance evaluation. From Table 4, it can
be seen that the M50s and F80s are the classes with the highest accuracy, with 100% and
98.80%, respectively. On the other hand, F20s and F50s are the classes classified with the
lowest accuracy, with 86.34% and 94.35%, respectively.

Table 4. Confusion matrix of the SVM classifier.

F80s F50s M50s F40s M40s F70s F60s M60s F30s M30s F20s M20s
F80s 98.80 0 0 0 0.60 0 0 0 0 0.60 0 0
F50s 0 94.35 0.56 0 0 3.39 0 0 0 0 1.69 0
M50s 0 0 100 0 0 0 0 0 0 0 0 0
F40s 0 0 0 95.48 0 0.65 0 0.65 0 0.65 2.58 0
M40s 0 0 0.66 0.66 94.70 1.32 0 0.66 0 1.32 0 0.66
F70s 0 1.27 0 0 0 98.73 0 0 0 0 0 0
F60s 0.61 0 0 0.61 0 0 97.56 0 0 0 1.22 0
Me60s 0.65 0 0 0 0.65 0 0.65 98.06 0 0 0 0
F30s 0 0 0 1.10 0 0 0 0 97.79 0 1.10 0
M30s 1.19 0 0 0 2.38 0 0 0 0 96.43 0 0
F20s 0 3.83 0 0.55 1.64 3.28 0 0.55 3.83 0 86.34 0
M20s 0 0 0 0 1.20 0 0 0 0 0 0 98.80

4.3.2. Performances of Ensemble Classifiers

The ensemble classifiers developed in this study are based on two approaches: majority
voting and stacking. While the majority voting classifier combines the predictions of the
base-level classifiers according to majority voting, the stacking classifier uses the predictions
of the base-level classifiers to train the meta-classifier as shown in Figure 1. In this study, LR
was used as a meta-classifier of the stacking ensembles. First, two ensemble models were
created by stacking and voting the two base-level classifiers with the highest individual
performance. Then, the ensemble models were expanded by increasing the number of the
base-level classifiers to three, four, and five, respectively, and the performances of each
were evaluated separately. In this process, the base-level classifiers were incorporated into
the ensemble models according to their performance orders. The performance metrics
of ensemble classifiers developed by majority voting are given in Table 5, and those of
stacking are given in Table 6. In both tables, the best results for each metric are highlighted
in bold.
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Table 5. Performance metrics of the majority voting-based ensemble models.
Base-Level Classifiers Accuracy Precision Recall F1 Score
SVM + E-TREE 96.27 96.44 96.27 96.21
SVM + E-TREE + RF 96.27 96.43 96.27 96.24
SVM + E-TREE + RF + KNN 96.72 96.84 96.72 96.68
SVM + E-TREE + RF + KNN + LR 96.52 96.64 96.52 96.49
Table 6. Performance metrics of the stacking-based ensemble models.
Base-Level Classifiers Accuracy Precision Recall F1 Score
SVM + E-TREE 96.87 96.90 96.87 96.86
SVM + E-TREE + RF 97.16 97.20 97.16 97.17
SVM + E-TREE + RF + KNN 96.87 96.90 96.87 96.86
SVM + E-TREE + RF + KNN + LR 9741 97.44 97.41 97.41

From Tables 5 and 6, it can be seen that stacking-based ensemble provides superior
performance compared to majority voting in terms of all evaluated metrics. Among all
the models developed in the study, the ensemble model, created by stacking five base-
level classifiers (SVM, E-TREE, RF, KNN, and LR), stands out as the model with the
highest accuracy. This model achieves 97.41% accuracy by correctly classifying 1958 of 2010
speeches in the test dataset, and its confusion matrix is given in Table 7. According to this
matrix, F80s and M50s are the two classes classified with the highest accuracy with 100%
accuracy. On the other hand, F20s with 92.35% and F50s with 92.66% are the two classes
with the lowest classification accuracy. Among the models developed based on majority
voting, the highest accuracy is 96.72%, and this result is obtained by evaluating the results
of the SVM, E-TREE, RF, and KNN classifiers according to majority voting.

Table 7. Confusion matrix of the model generated by stacking E-TREE, KNN, SVM and RE.

F80s F50s Mb50s F40s M40s F70s F60s Me60s F30s M30s F20s M20s
F80s 100 0 0 0 0 0 0 0 0 0 0 0
F50s 0 92.66 0 0 0 3.95 0 0 1.13 0 2.26 0
M50s 0 0 100 0 0 0 0 0 0 0 0 0
F40s 0 0 0 98.06 0 0.65 0 0.65 0 0 0.65 0
M40s 0 0 0 0.66 94.70 0.66 0 1.32 0 1.32 0 1.32
F70s 0 0.64 0 0 0 99.36 0 0 0 0 0 0
F60s 0 0 0 0.61 0 0 98.17 0 0 0 1.22 0
M60s 0.65 0 0 0 0.65 0 0 98.71 0 0 0 0
F30s 0 0 0 1.10 0 0 0 0 97.24 0 1.66 0
M30s 0.60 0 0 0 0.60 0 0 0 0 98.81 0 0
F20s 0.55 2.19 0 0.55 1.09 2.19 0 0 1.09 0 92.35 0
M20s 0 0 0 0 0 0 0 0.60 0 0 0 99.40

5. Discussion

This article used a classification approach based on ensemble learning to recognize
the speaker’s age and gender classes. First, five models that classify speakers according to
their age and gender were created using five different machine learning methods, and the
performance of each was analyzed. When the results in Table 3, where the performance
measurements obtained for these models are given, are examined, SVM, E-TREE, and RF
classifiers offer over 95% accuracy, while the accuracy of KNN and LDA classifiers remains
around 91%. This difference may be due to the fact that KNN is a type of instance-based
learning and does not create a general internal model, while LDA classifies based on a linear
combination of features. Then, eight ensemble models were developed in which the results
of these classifiers were combined with majority voting and stacking approaches, and the
performance of these models was evaluated. In tests performed on the same dataset and in
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the same experimental setup, it is seen that both ensemble approaches provide an increase
in age and gender classification performance. Additionally, the experimental results reveal
that models developed with the stacking approach provide superior results compared to
those developed with majority voting. This shows that the stacking approach takes better
advantage of the complementary aspects of the classifiers that make up the ensemble. In
the study, the ensemble model created by stacking five base-level classifiers is the model
with the highest accuracy with an accuracy rate of 97.41%.

The study presents a comparison of the performance of the model based on the ensem-
ble approach with state-of-the-art methods in Table 8. Upon reviewing the table, it becomes
apparent that there are differences in the class definitions used in the various studies. Some
studies classify speakers solely based on their gender, while others classify them based
on both age and gender. The results given in the table indicate that gender classification
accuracy is higher than age classification accuracy. This suggests that classifying age is a
more challenging task compared to gender classification.

Table 8. Comparison of the proposed model with state-of-the-art methods.

Ref Dataset Classifier Number of Classes {Class Labels} Accuracy
[4] Voice gender and Backpropagation and 2 {male, female} 98.10%
Common Voice bagging 4 {20s, 40s, 50s, 60s} 55.39%
Korean Speech 2 {male, female} 97%
[6] Reco nilzion CNN with MAM 6 {teens, 20s, 30s, 40s, 50s, 60s} 97%
& 12 {gender x age categories} 90%
[7] TIMIT dataset Deep Neural Networks 2 {male, female} 96.8% t0 99.6%
. 10 {male, female, teens, 20s,30s, 40s, 50s, o
[8] Common Voice MLP 60s, 70s, 805} 89.58%
. 2 {male, female} above 98%
[10] Common Voice Deep Neural Networks 6 [YM, YE, AM, AF, SM, SF} above 80%
Common Voice and 2 {male, female} 94.99%
[12] Samromur CNN 3 {0-15, 20-39, 40+} 75.25%
. . 2 {male, female} 96.4%
[13] Common Voice ML algorithms 3 [young, matured, old) 70.4%
[22] Common Voice RobustScalar, PCA, and 2 {male, female} 91%
LR 8 {teens, 20s, 30s, 40s, 50s, 60s, 70s, 80s} 59%
. 10 {M20s, F20s, M30s, F30s, M40s, F40s, o
[40] Common Voice 1D and 2D CNN M50, F50s, M60s, F60s) 94.40%
This study Common Voice Ensemble model 12 {M20s, F20s, M30s, F30s, M40s, F40s, 97.41%

M50s, F50s, M60s, F60s, F70s, F80s}

Among the compared studies, there are very few studies in which age and gender
classifications are made together. In one of these studies [6], a CNN model with a multiple
attention module (MAM) is proposed to classify speakers according to their age and gender.
In that study, it is stated that with the proposed model, the speeches in the Korean Speech
Recognition dataset were classified into 12 age and gender classes with 90% accuracy. In
another study [10], a six-class classification is made according to age and gender, and in
that study, it is reported that over 80% accuracy was achieved on the Common Voice dataset
with deep neural networks of different types. The class definition used in my previous
study [40] is very similar to the class definition in this study. In that study, a 10-class
classification defined according to the speaker’s age and gender is performed based on
1D and 2D CNN models. The accuracy of the proposed 2D CNN model on the Turkish
subsection of the Common Voice dataset is measured as 94.40%. On the other hand, in
this study, the number of age and gender classes, which was 10 in the previous study, is
increased to 12 with the addition of the seventies female (F70s) and eighties female (F80s)
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classes. In addition, the dataset used in training the models has also been expanded. In this
study, although the number of classes has increased, there is no decrease in classification
accuracy and even a 3% increase is achieved. This increase can be considered the result of
three factors. The first of these factors may be the use of complementary aspects of different
classifiers in the ensemble learning approach. The second factor may be the increase in the
amount of data used in the training and testing phases of the models. And the last reason
for the increase in accuracy may be the new classes added to the dataset (seventies female
and eighties female). In the experiments, it is seen that these two classes are the classes
classified with the highest accuracy. The high individual classification accuracy of these
classes must have increased the accuracy of the entire model by a certain amount.

6. Limitations

This study has certain limitations, which are primarily related to the dataset used. The
dataset only consists of Turkish speech data that have been evaluated as valid by volunteer
listeners. Additionally, any speech data in the dataset that lacked age or gender information
were excluded from the study. In order to ensure the generalizability of the study’s results,
it is essential to utilize more comprehensive datasets that include data recorded in various
languages and recording environments.

7. Conclusions and Future Works

In this study, an ensemble learning based approach is proposed for age and gender
classifications using MFCC features extracted from speech signals. For this purpose, five
different machine learning algorithms, namely SVM, E-TREE, KNN, RF, and LR, and two
different ensembling methods, namely stacking and majority voting, were examined. In
the study, a total of 13 models were created, 5 with base-level classifiers and 8 with the
ensemble of these classifiers, and performance measurements of each were performed.
All classifiers in the study were developed with a dataset consisting of randomly selected
speeches from the Turkish subsection of the MCV dataset. In the experiments, it was
observed that SVM provides the highest age and gender classification accuracy among
the five base-level classifiers. Following SVM, E-TREE shows the next highest accuracy,
followed by the RE, KNN, and LR classifiers. After the individual performance evaluations
of the base-level classifiers were performed, the performance evaluations of the ensemble
models created by majority voting and stacking of these classifiers were carried out. The
experimental results obtained in the study show that the stacking-based ensemble models
provide superior performance than those based on majority voting. The model created by
stacking the predictions of five base-level classifiers with the LR meta-classifier stands out
as the model with the highest accuracy. The accuracy of this model on the test dataset is
97.41%, while the highest accuracy achieved by majority voting is 96.72%. The experimental
results show that classification models created with both ensemble approaches provide a
significant performance increase in age and gender classifications.

There are various potential areas for future research to explore. One main area is
to assess the proposed models using different datasets, including child speech, and to
experiment with various modern deep learning architectures like transformer architectures.
Furthermore, broadening the diversity of the ensemble by incorporating different deep-
learning architectures could be another avenue for future research. Lastly, for age and
gender recognition, exploring multi-modal models utilizing features extracted from various
data sources, such as facial images, body movements, and speech utterances, could be
another direction for future work.
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