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Abstract

This article presents data visualization of gender classification analysis based on
voice using the XGBoost algorithm [1]. The main objective of the research is to visualize
the effectiveness assessment of this method in predicting gender based on acoustic
characteristics of audio files and data visualization. We provide a brief methodology of
feature extraction from voice data using the librosa library and their visualization. The
XGBoost model is trained on the training dataset and evaluated on the test data using
performance evaluation metrics. The analysis results include a detailed examination of the
data and feature visualization. We also present the accuracy and error probability of the
XGBoost model on test data and analyze its performance, providing visualizations.

Keywords and phrases: gender classification, XGBoost, machine learning, dataset,
algorithm, librosa, visualization, Python, Matplotlib, Seaborn.
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JAJINT TEP-BAPIAHSH

MexayHaponHsiit HayqHO-00pa3oBatenbHbIi neHTp HAH PA, mpenonasarens
lilit. ter-vardanyan@isec.am

AHHOTAIUA

B nmammoil cTarhe mpencTaBicHA BH3yaJIHM3alds TaHHBIX aHaIM3a KilacCH(UKamn
T10J1a TI0 TOJIOCY € Mcnoib30BanueM anroputMa XGBoost. OCHOBHOM 1ENbI0 HCCIEA0BAHMS
SIBISICTCSl BH3yaJHM3alldsl OLEHKH d(PPEKTUBHOCTH 3TOTO METOHA B IIPEICKAa3aHUH IONa
Ha OCHOBE aKyCTHUECKUX XapPaKTEPUCTHK aymuo(ailfioB W BH3yaIH3alUs JaHHBIX. MBI
MPEACTABISAEM KPAaTKYI0 METOIOJOTHIO M3BJICUCHUsS] NMPU3HAKOB U3 TOJIOCOBBIX NAHHBIX C
HCTOJIb30BaHNEM OMOIMoTeKkH librosa n ux Busyanmuzanuio. Mogens XGBoost oOyuaercs
Ha 00yuarolleM Habope MaHHBIX U OIIEHUBACTCSI HA TECTOBBIX JAHHBIX C HCIOJIb30BAHUEM
METPHK OLIEHKH IIPOU3BOIUTEILHOCTH. Pe3ynbraThl aHan3a BKIFOYAIOT B ce0s MoApoOHOe
HCCIIeIOBAaHNE JAHHBIX, BU3YAIN3aIlMI0 MPU3HAKOB. MBI TakkKe MPEICTABISIEM TOYHOCTH
U BEPOATHOCTH ommOku Momenn X(GBoost Ha TECTOBBIX ITaHHBIX W aHAIM3HPYEM €€
MIPOM3BOANUTEIBHOCTD, IIPEOCTABIISS BH3YaIH3aIIHH.

KioueBbie c10Ba U cI0BocoUeTaHusI: reHaepHas Kiaccudukammst, XGBoost,
MalmmHHOE 00ydeHue, Habop aHHbIX, dataset, anroputM, librosa, Busyanuzarus, Python,
Matplotlib, Seaborn.

Introduction

Gender identification and classification based on voice characteristics is an important
task in security systems such as biometric authentication systems, in the field of audio
processing, and data analysis. Data visualization is an important tool for analyzing and
presenting information in a graphical format, as well as quickly and conveniently detecting
anomalies in a database and identifying various patterns, whether related or unrelated. This
is important for selecting the right model for training. Additional graphical representations
can help illustrate relationships between different variables and make conclusions more
understandable for analysts and data specialists. Visualization also contributes to a better
understanding of data and its structure, aiding in making more informed decisions based
on that data. In this study, we explore types of data visualization in Python for the task of
voice-based gender classification, where the main goal is to determine a person’s gender
based on acoustic characteristics of their voice such as the average frequency in the voice
signal spectrum, frequency component dispersion measure, average dominant frequency
in the acoustic signal, maximum dominant frequency in the acoustic signal, etc. Extracting
acoustic characteristics from voice data plays a key role in gender classification effectiveness.
To understand the relationship and differences between acoustic characteristics, data
visualization is used. Python offers many libraries for creating various charts, diagrams, and
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other visualizations. In this article, we will look at the main libraries like Matplotlib, Seaborn,
and Plotly and show how to use them to create data visualizations. Each of these libraries
offers its own capabilities and visualization style, thus the choice depends on preferences
and specific tasks at hand. For a brief overview of the libraries and their capabilities, see
Milovanovic et al [2].

Matplotlib is a cross-platform data visualization library built on NumPy arrays.
Matplotlib consists of several types of plots such as line, bar, scatter, histogram, etc.
Matplotlib comes with a wide range of charts (Line, Bar, Histograms, Scatter, Pie Charts).
These charts help understand trends and patterns, as well as correlations. These are usually
tools for analyzing quantitative information. Seaborn is a library primarily used for building
statistical graphics in Python. It is built on top of Matplotlib and provides beautiful default
styles and color palettes to make statistical graphics more attractive. In machine learning
tasks related to audio data, another important library is librosa. It is used for analyzing
spectral and temporal characteristics using various methods. To achieve higher model
performance before training, we preprocess the data, including feature standardization,
outlier removal, and splitting the dataset into training and testing subsets. (fig.1)
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Machine Learning Model: To solve this task, we use the XGBoost machine learning
method, widely used in classification and regression tasks. For gender classification based
on voice characteristics, we extract relevant features from audio files.

# Import necessary libraries

from sklearn.preprocessing import LabelEncoder # 1 ; @

from sklearn.preprocessing import StandardScaler

import matplotlib.pylab as plt

from sklearn.model_selection import train_test_split # test and train validation parts
from sklearn import metrics

import numpy as np # linear algebra

import pandas as pd # data processing, CSV file I/0 (e.g. pd.read csv)
import seaborn as sns #visvalization

import librosa #for voice

import xgboost as xgb #model, boosting algorithm

import joblib

def extract_features(audio_path):

y, sr = librosa.load(audio_path, duration=3) # Load audio, limit to 3 seconds
# Basic statistics

meanfrely = np.mean(librosa.feature.spectral_centroid(y=y, sr=sr))

sd = np.std(librosa. feature.spectral_centroid(y=y, sr=sr))

median = np.median(librosa.feature.spectral_centroid(y=y, sr=sr))

Q25 = np.percentile(librosa.feature.spectral_centroid(y=y, sr=sr), 25)

Q75 = np.percentile(librosa.feature.spectral_centroid(y=y, sr=sr), 75)

IQR = Q75 - Q25

skew = np.mean(librosa.feature.spectral_rolloff(y=y, sr=sr))

kurt = np.std(librosa.feature.spectral_rolloff(y=y, sr=sr))

Meaning of Acoustic Features:

*  Meanfreq: Mean frequency (in kHz) - the average frequency in the voice signal
spectrum.

* SD: Standard deviation of frequency - a measure of frequency component
dispersion.

*  Median: Median frequency (in kHz) - the middle value in the overall range of
frequencies in the voice signal spectrum.

* Q25: First quartile (in kHz) - the value below which 25% of frequency components
lie.

* Q75: Third quartile (in kHz) - the value below which 75% of frequency components
lie.

* IQR: Interquartile range (in kHz) - the difference between the third and first
quartile values.

» Skew: Skewness - a measure of the asymmetry of frequency component
distribution.

» Kurt: Kurtosis - a measure of the sharpness of the frequency component
distribution peak.

* Sp.ent: Spectral entropy - a measure of the diversity of spectral components.

» SFM: Spectral flatness - a measure of the flatness of the voice signal spectrum.

*  Mode: Mode frequency - the most frequently occurring frequency.

* Centroid: Frequency centroid - the weighted mean frequency value of the
spectrum.

*  Meanfun: Mean fundamental frequency measured on the acoustic signal.

*  Minfun: Minimum fundamental frequency on the acoustic signal.

*  Maxfun: Maximum fundamental frequency on the acoustic signal.
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*  Meandom: Mean dominant frequency on the acoustic signal.

*  Mindom: Minimum dominant frequency on the acoustic signal.

*  Maxdom: Maximum dominant frequency on the acoustic signal.

» Dfrange: Dominant frequency range on the acoustic signal.

*  Modindx: Modulation index - calculated as the accumulated absolute difference
between neighboring fundamental frequency measurements divided by the
frequency range.

These features provide information about various spectral and temporal characteristics
of the voice signal, necessary for accurate gender classification. We analyzed 15,469 audio
files, including 7,972 female voices and 7,497 male voices, with durations ranging from
20.14 seconds to 25.18 seconds.

Visualization of Feature Distributions: We visualize the distribution of individual
acoustic features using amplitude-time, spectrogram, and violin plots. These visualizations
help understand the data structure and identify potential differences between male and
female voices (fig 3,4).
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Fig. 3. Amplitude-time characteristics of the female voice

Figures 3 and 4 show the amplitude-time characteristics of male and female sounds
(where the X-axis represents time and the Y-axis represents the amplitude of sound
oscillations). Male and female voices can differ in several aspects, although they also depend
on individual characteristics of each person. Frequency and Peak Height: Male voices
typically have a lower fundamental frequency (lower on the Y-axis), leading to higher and
wider amplitude peaks on the graph. In contrast, female voices have a higher fundamental
frequency (higher on the Y-axis), resulting in narrower and higher amplitude peaks.
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Fig. 4. Amplitude-time characteristics of the male voice
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Intensity and Amplitude: Male voices are often characterized by higher amplitude of
sound oscillations (higher values on the Y-axis), which is related to larger vocal cords and
a deeper voice. Female voices, with smaller vocal cords, tend to have lower amplitude of
sound.

Duration of Sound Signals: Differences in the duration of sound signals can also
be observed on the graph. Male voices, usually with a lower pitch, may have longer and
continuous periods of high amplitude. Female voices, with a higher pitch, may have shorter
and less intense periods of amplitude.

Spectrograms are widely used in sound analysis and processing, as well as in speech
and music technology. They help analyze sound characteristics, identify frequency features
of sound signals, and even recognize speech or sound patterns. A voice spectrogram (or audio
spectrogram) is a graphical representation of sound that displays changes in frequency and
amplitude of sound oscillations over time (fig. 5,6). It is a three-dimensional image where the
X-axis represents time, the Y-axis represents frequency, and the color or brightness indicates
the sound amplitude at a particular frequency at a specific time. In a voice spectrogram,
you can see which frequencies dominate at a certain time and how they change over time.
Typically, vocal sounds are displayed as vertical bars or spots on the spectrogram, where
brighter areas correspond to higher amplitudes at specific frequencies.
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Fig. 5. Spectrogram of the female voice
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Fig. 6. Spectrogram of the male voice
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Violin plots are widely used for a deeper understanding of the data being used. These
plots are used to visualize the distribution of numerical data and have several advantages
and applications (fig. 7).
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Fig. 7. The violin plot represents the distribution of pitch frequencies of male and female voices
by the height of their sound

For data analysis using violin plots related to gender determination from voices, the
following methods can be applied:

Comparison of Frequency Characteristics: Violin plots allow comparing the
distribution of pitch or other acoustic voice characteristics between different gender groups.
Based on this comparison, conclusions can be drawn about differences or similarities
between male and female voices.

Detection of Frequency Distribution Density: The width of the violin plot in different
sections reflects the density of voice frequency distribution. This helps determine which
frequency ranges have the most frequent or rare values, which can be useful in analyzing
differences between genders.

Representation of Key Statistical Parameters: Violin plots can visually represent the
key statistical parameters of each group, such as median, quartiles, and range of values.
This helps better understand the distribution characteristics of voices and identify potential
differences between genders.

Using visualization plays a key role in evaluating the results of model work. For
example, creating graphs depicting the relationship between predicted values and actual
values allows us to assess the model’s effectiveness and identify its weaknesses, etc.

In this article, we visualized the results with different percentages of test data to
evaluate the model’s effectiveness and the probability of error depending on the percentage
of test data (see fig. §, 9).
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Fig. 8. Accuracy and F1 Score graphs Fig. 9. Error probability depending on the
depending on the percentage of test data percentage of test data
Conclusion

In this article, we presented the visualization of data analysis for voice-based
gender classification using the XGBoost algorithm. Our results demonstrate that the use of
visualization plays an important role in evaluating the model’s performance and analyzing
data before model training. Thus, our work represents a significant contribution to the field
of voice-based gender classification and underscores the importance of data visualization
for the analysis and interpretation of machine learning results [3, 4].
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