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ABSTRACT 
Voice disguise is the technique by which a speaker deliberately changes their voice to conceal their identity. 
This poses a major challenge in the field of speaker identification. Due to these major challenges, research on 
disguised voices has significantly increased in security and forensic applications. Disguised voices can be 
exploited to evade detection in surveillance, verification, and forensic investigations, raising concerns about 
system reliability, evidence integrity, and overall communication security. The purpose of this study was to 
investigate the major countries, institutions, famous researchers, collaboration networks, high-impact 
publications, and key research subjects and trends in the field of speaker identification from disguised voice. 
This review analysis investigates the present state of speaker identification research on a global scale, with a 
special emphasis on disguised voice. In proposed research work shown a bibliometric analysis of 3287 
manuscripts that were published between the years 2001 and 2025. The study analyses from dimensions AI 
dataset that covers the years 2001–2025 and uses VOS viewer to show how different countries, institutions, and 
authors collaborate, cite each other, and produce research in speaker identification from disguised voice. 
According to the citation analysis for speaker identification from disguised voice, the field is being mounded 
by seminal works and important researchers. Germany, UK, and US are quickly becoming the world's leading 
research centers. Increasing global cooperation in speaker identification from disguised voice area has led to 
clear geographical clustering in collaboration networks, with Europe and Asia being the most prominent. From 
2025 to 2040, the forecast model predicts a consistent growth in publication production in speaker identification. 
As a result, efforts to develop speaker identification systems will likely continue. Citation mapping not only 
shows the evolution of the research landscape but also the most frequently cited foundational works and high-
impact articles. This research work on speaker identification serves as a strategic resource for future research 
because it not only emphasizes the importance of collaborative research but also highlights influential literature, 
active nations, and emerging trends. For academics interested in the past, present, and future of speaker 
identification research from disguised voice in this exciting and rapidly evolving area of technology, this 
bibliometric analysis will be a priceless resource. 

Keywords: Speaker identification, Disguise voice, Masked speech, Speech perception, Forensic voice analysis, 
Voice biometrics 

   
 
 
 
 

REVIEW ARTICLE 
 
 
 
 
 
 
 
 
 
Corresponding author: 
Mahesh K. Singh, 
mahesh.092002.ece@gmail.com  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Article History:  
Received: 30.07.2025 
Revised: 07.11.2025 
Accepted: 19.11.2025 
Published Online: 30.03.2026 
 

1. Introduction 

If one wants to hide their identity as a speaker, they can use a technique called "voice disguise" to deliberately alter their 
speech patterns. A speaker's accent and pitch can be changed with the support of processors and with voice editing software 
like Audacity. The primary objective is to make it harder for both persons and speaker identification processors to recognize 
the speaker.  Since there is confusion with security classifications, and voice concealment is a big obstacle to minimizing.  
With the intention of speaker identification, related works have focused on outcome and avoiding this alteration of voice [1, 
2].  The aim is to support the reliability and robustness of voice-based speaker identification systems. A speaker's capability 
to be predictable by their disguised voice is an important ability in the fields of forensic and security applications. Some 
convicts, while trying to hide their identities, use voice disguises to threaten others or commit criminalities.  Law enforcement 
agencies can improve their ability to examine and resolve crimes once they can precisely classify perpetrators regardless of 
their disguise. These assistances confirm that everybody is held responsible.  When it comes to gathering intelligence and 
fighting terrorism, it is absolutely crucial.  Protecting biometric systems from identity fraud and unauthorized access is the 
ability to identify voice disguise.  Improving speaker identification systems' ability to detect speech impersonation is crucial 
for the continued success, safety, and reliability of voice authentication systems in an era where voice-based technologies are 
rapidly expanding [3, 4, 74]. 

In 1962, physicist Lawrence G. Kersta of Bell Laboratories published an essay called "Voiceprint Identification" that 
introduced the first automatic speaker recognition (ASR) system. A physiological model of the human voice production 
system was established by Gunnar Fant in 1960, which laid the groundwork for speech analysis.  It was with these ground-
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breaking endeavors that speaker recognition technology was born [23]. Developments in biometric authentication, machine 
learning, and signal processing ushered in a new era of rapid advancement in the industry from the late 20th to the early 21st 
century.  Security and forensic analysis are only two of the many fields that have benefited from speech recognition systems' 
improved accuracy and dependability due to this evolution [5]. 

1.1. Application of Voice Disguise in Speaker Identification 

Forensic Investigations: When people try to hide their identities while committing crimes like fraud, making ransom calls, or 
anonymous threats, forensic investigators often encounter voice disguise [6, 57]. Based on this idea, speaker recognition 
devices are necessary to decrypt encrypted speech and figure out who the original speaker was. Irregularities that point to 
speech manipulation are found using methods used to investigate crimes and provide reliable evidence in court cases. People 
can change the pitch of their voice to stay anonymous in a sensitive situation, such as when they blow the whistle, testify as 
a witness, or report in secret.  In delicate legal or humanitarian situations, speaker identification systems must strike a 
compromise between security and the right to anonymity.  Because of its dual purpose, voice disguise must be understood 
and managed in speaker recognition systems. 

1.2. Past Literature: Voice Disguise in Speaker Identification  

One of the most active subfields of speech and biometric recognition research in the last several decades has been speaker 
identification using disguised voices.  In order to assess research tendencies, publication growth, important contributors, and 
collaboration networks, bibliometric studies in this field have been conducted.  Research like this shows that there's a growing 
interest in the topic among academics who want to know how speaker disguise affects system performance and recognition 
accuracy.  Modern studies use deep learning and machine learning methods, whereas earlier investigations relied on manual 
acoustic analysis.  An important function of bibliometric reviews is to shed light on the past, present, and potential future of 
this niche area of study, as displayed in Table 1. 

Table 1. Research Contribution of Disguised Voice-Based Speaker Identification 

Ref. Author Paper Title Tools Finding 

[6] Krouwer, 
S. et al 
(2017) 

To disguise or to disclose? The 
influence of disclosure recognition 
and brand presence on readers' 
responses toward native 
advertisements in online news 
media 

Bibliometric R Disclosure enhances conceptual 
knowledge; brand presence casts 
unfavourable light on the ad, 
brand, and medium. 

 

[7] Park, I., & 
Yoon, B. 
(2018). 

 

Identifying promising research 
frontiers of pattern recognition 
through bibliometric analysis 

Bibliometric R The proposed methodology 
identifies promising research 
frontiers using bibliometrics, 
aiding long-term research and 
short-term development 
strategies. 

[8] Chen, J., & 
Chang, H. 
(2022) 

Sketching the landscape of speech 
perception research (2000–2020): 
A bibliometric study 

Bibliometric R Speech perception research 
highlights key theories, models, 
trends, and future directions 
through bibliometric analysis. 

[9] Das, N., & 
Padhy, N. 
(2021, 
August) 

A Bibliometric and Co-occurrence 
Analysis of Speech Processing 
Literature Published from the Year 
2015 to mid of June 2021 

 

VOS viewer Speech processing research is 
rapidly growing, led by top 
countries, with conferences 
dominating recent publication 
trends. 

[10] Yin, J. 
(2021), 

Research on the application of 
visual maps based on Citespace in 
speech technology. 

CiteSpace Deep learning improves speech 
technology for noise, ambiguity, 
and far-field sound reception. 

 

[11] Wu, L., & 
Chen, M. 
(2022) 

A Bibliometric Analysis of 
Intelligent Voice Interaction 
Based on VOSviewer.  

VOSviewer Voice interaction research 
emphasises artificial intelligence, 
behaviour, and human-computer 
interaction (HCI), with global 
interest and scattered author 
collaboration. 
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Table 1 (Continued) 

[12] Puig-
Herreros, 
et al. 
(2022) 

What Are the Contemporary 
Trends on Euphonic Voice 
Research? A Scientometric 
Analysis 

VOSviewer Euphonic voice research is 
growing,  but has limited keyword 
diversity and needs more 
collaboration. 

[13] Alduais, A. 
et al. 
(2023) 

Forensic linguistics: A 
scientometric review 

VOSviewer  Language in law, digital 
forensics, authorship, rights, and 
translation are all areas that 
forensic linguists study. 

[14] Vitevitch, 
M. S. 
(2023). 

Speech, Language, and Hearing in 
the 21st Century: A Bibliometric 
Review of JSLHR from 2001 to 
2021 

 

VOSviewer  Speech, language, and hearing 
sciences research exhibits 
worldwide development, larger 
themes, and a multidisciplinary 
effect. 

[15] Kponou, 
D. F. et al. 
(2024) 

Systematic Literature Review and 
Bibliometric Analysis of Low-
Resource Speech-to-Text 
Translation 

VOSviewer Growing global interest and 
trends in low-resource speech-to-
text research emphasise pre-
training, encoder-decoder, and 
transformers. 

[16] Wasi, 
M.,et al. 
(2024) 

A Bibliometric Analysis of 
Research in Forensic Linguistics 

VOS Viewer Research on forensic linguistics 
highlights major themes, global 
trends, and calls for university 
programs to satisfy the need. 

[17] Yan, M., & 
Wu, X. 
(2024). 

Prosody in linguistic journals: a 
bibliometric analysis 

VOS viewer  Prosody study illustrates 
linguistics' changing patterns, 
contributions, and influence over 
two decades. 

[18] Malik, N. 
Et al. 
(2024) 

Acoustic Signal Processing and 
Communications: Topic Modeling 
of Scopus Abstracts from 2010 to 
2024. 

VOSviewer  Found reliable speech 
recognition, underwater 
communication, noise, 
monitoring, and modulation 
research trends. 

 

[19] Bolakale 
Abdul 
Qudus et al 
(2025) 

A Contemporary and 
Comprehensive Bibliometric 
Exposition on Deepfake Research 
and Trends. 

VOSviewer 

 

Artificial intelligence (AI) topics 
predominate in deepfake 
research, with a primary emphasis 
on datasets, regulation, detection, 
and forensics. 

[20] Gee-Whai 
Kho, M., 
& Ting, S. 
H. (2025). 

). Bibliometric Analysis of Trends 
in Research on Communication 
Apprehension 

Scopus database Communication apprehension 
research is becoming 
transdisciplinary and worldwide, 
especially after 2021. 

 

Table 1 collects all significant bibliometric works on speech technologies, disguised voice-based speaker detection, and 
related issues [49, 50]. Scopus, VOSviewer, and CiteSpace have advanced from basic bibliometric assessments to 
comprehensive mapping and co-occurrence analysis. The findings indicate global interest, new research prospects in deep 
learning and forensic linguistics, and a variety of study subjects. Current collaboration attempts are dispersed; thus, integrated 
research networks are needed. This new yet vital field of biometrics and speech recognition is continually developing and 
expanding, as seen in Table 1. 

1.3. Research Gap 

The field of speaker identification has seen extensive research over the past 20 years, but disguised voice analysis as a subfield 
remains relatively uncharted territory in bibliometric and quantitative literature surveys.   Despite the growing body of work 
on disguised voice, there is still no comprehensive data-driven review of the field's publishing trends, key figures, 
collaborative networks, or progression of themes. Current assessments mostly centre on either technological developments 
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or forensic examinations based on specific cases.   More importantly, the field's development in response to new technologies 
such as deep and machine learning from 2000 to 2024 is largely unknown. The goal of this review is to address this 
information gap by offering a comprehensive quantitative overview of the history, key findings, research trends, and potential 
future developments in disguised speech analysis for speaker identification. Table 2 shows that the Advanced Knowledge 
Mapping Structure provides a systematic framework for analysing academic research from different perspectives. Table 2 
lists the most important evaluation methods, assessment components, and analytical criteria for looking at important papers, 
citation relationships, and theme trends in the literature. 

Table 2. Advanced Knowledge Mapping Structure 

Evaluation 
Method 

Assessment 
Element 

Parameter Evaluation Target 

Preliminary 
Analysis 

Article, 
Authors, and 

Citation Count 

Contribution, 
demographic, 

outcomes 

Which articles, top journals, authorship trends, 
collaborative networks, and highly referenced works 

are the most significant in the field? 

Co-Citation 
analysis 

Author’s 
citations 

Connection Based on citation counts, what is the relationship 
between authors and their publications? 

Linguistic 
Analysis 

Highly Cited 
Articles 

Key Elements What trends show up between authors and the 
scholarly disciplines they reference in their writing? 

A comprehensive framework for analysing academic literature is given by the displayed "Advanced Knowledge Mapping 
Structure" board.  The three distinct analytical methodologies utilised by this framework are linguistic analysis, preliminary 
analysis, and co-citation analysis. In order to find important things like contributions, demographic distribution, citation-
based relationships, and thematic aspects, each approach focuses on a different set of evaluation criteria, like articles, authors, 
citation counts, and highly cited works. With these characteristics, it is possible to achieve many important evaluation goals, 
such as identifying key journals and publications, understanding author networks and collaborations, investigating citation 
connections, and uncovering thematic links among writers and the fields they mention. Together, these systematic approaches 
make it easier to understand the dynamics of the subject's study and the flow of knowledge at a deeper level. 

1.4. Novelty of Proposed Work  

Delivering a comprehensive quantitative bibliometric study that centred on the evolution of disguised voice analysis in the 
context of speaker identification from 2001 to 2025, this review is the first of its type.   This study aims to delve into the topic 
of voice disguise, covering its history, current research trends, key contributions, and technical accomplishments in depth.   
However, additional research has focused on speaker detection or speech processing in particular, using a more holistic 
approach.   The goal of this research is to use bibliometric tools, such as VOSviewer, to identify patterns in citations, 
worldwide collaborative networks, and clusters of ideas.  

1.5. Contribution of the Paper 

This review work provides a focused and data-driven summary of the progress of voice disguise analysis within the wider 
field of speaker identification over the past 24 years. This place gives a thorough look at the structure, dynamics, and 
trajectory of research that uses bibliometric methods. This information is becoming more and more important in the 
disciplines of security, forensics, and biometric systems.  The first part of the research examines how studies using disguised 
speech analysis have changed over time. The study identified discernible trends in journal patterns, growth rates, and thematic 
focus.    There has been a lot of interest in this topic lately, especially because of advances in AI, voice processing, and 
machine learning.    This past analysis sheds light on the topic's evolution and highlights the times when the study made 
significant developments or changed its emphasis. The second half of the research is a list of the most significant countries, 
universities, and authors in this field. A close look at citation trends, co-author networks, and recognised associations shows 
who the most significant persons are in the field. 

These consequences really show what the foremost help is and get new researchers and academic organisations absorbed in 
working together and sharing ideas.   The review eventually examines phrase analysis and keyword co-occurrence to identify 
the most prevalent research topics, modern technological developments, and promising fields of study.   It not only points 
out some gaps in practises and topics that haven't been studied before, but it also suggests what future study could look like.   
This study puts all of these findings together, which is actually helpful for organising upcoming research.  It helps us 
understand how voice disguise affects speaker identification, which opens the door to both theoretical and practical progress. 

The rest of the paper, which is organised as research on speaker identification, will be thoroughly examined in the next 
sections of this article after they have been arranged. Before diving into an analysis of the document features of SI literature, 
a concise synopsis of the research methodologies and data sources utilised is provided. Observing patterns in the field's 
growth is the next step in understanding the evolution of research over time. Following that, we present a comprehensive 
author analysis of the study, highlighting its most impactful contributions. To take it a step further, the study searches the 
journals' affiliated institutions for major research centres. The next step is to review the relevant literature and research topics 
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to determine the field's focus.  To highlight foundational works in speaker identification, we present an extensive literature 
review of highly cited papers.  An additional component of the study is the use of bibliometric technologies to forecast future 
research trends. The research comes to a close with the study's comprehensive discussion and conclusion, which summarizes 
the final ideas and implications. 

2. Data Source and Analysis Method 

One quantitative approach to assessing scholarly writing is bibliometric analysis. Keyword analysis, publishing trends, 
citation patterns, and authorship analysis are all part of this strategy. Helping investigators, it sheds light on the history, 
impact, and administration of a specific educational area. Academic planning, research funding, and policy development can 
all benefit from the insights provided by bibliometric analysis, which identifies powerful studies, prominent authors, 
collaboration networks, and new trends. It helps new researchers as well when it comes to navigating the literature and 
identifying research gaps. As a whole, it's a crucial tool for tracking the growth of scientific understanding and guiding R&D 
strategy decisions. 

2.1. Data Source 

 Bibliographic research relies on extensive academic and scientific databases that contain metadata and index articles that 
have been peer-reviewed. Databases such as Scopus, WoS, PubMed, Google Scholar, Dimensions, and IEEE Xplore are often 
accessed. All the necessary components for conducting quantitative and network-based analyses are available on these 
platforms: publication titles, abstracts, keywords, author information, affiliations, citation counts, and references.  In this 
study, data was collected from dimension.ai on 10th July 2025 using this database. We concentrated mostly on the “topic” 
search criteria, which includes titles and abstracts in order to guarantee thorough coverage and accuracy in our search by 
utilizing two keywords such as “Disguised voice” and “Speaker identification” up until July 2025. A total of 3287 papers 
published from 2001 to 2025 were collected; based on the type of literature as shown in Table 3, including contributions as 
early as 2001. 

Table 3. Types of Documents for Publication 

Ranking Keyword Used  Classification Count Percentage (%) 

1 

“Disguised Voice” and 
“Speaker Identification” 

Article 2347 71.40% 

2 Proceeding 432 13.14% 

3 Chapter 326 9.91% 

4 Edited Book 132 4.01% 

5 Preprint 40 1.2% 

6 Monograph 10 0.30% 

Inclusion criteria: To guarantee high-quality and relevant data for this bibliometric analysis, only articles from peer-
reviewed journals and review papers were considered. The titles, abstracts, or author keywords of the publications were 
screened for relevance to the study's subject. By excluding publications before 2001 and including only those published after 
2025, we captured the most current trends and advancements in the field. Because of language and database indexing 
limitations, only publications written in English were considered. Scholarly databases, including Scopus, Web of Science, 
and PubMed, were utilised to get the papers.   One example of standardised bibliometric metadata is the citation counts, 
author affiliations, and keyword information found in these databases.   For this analysis, only records with full bibliographic 
details were considered.  This further confirmed the analysis's accuracy and consistency. 

Exclusion criteria: Studies that did not meet the previously specified inclusion criteria or were not relevant to the study issue 
were excluded from the bibliometric analysis.   Editorials, conference abstracts, letters to the editor, and commentaries were 
not included because to their lack of standardised data and insufficient bibliometric value. These publications were not 
subjected to peer review.   Articles that were not published in English were excluded to ensure the analysis remained coherent 
and to avoid potential language-related bias.   Also, to keep the data intact, we removed duplicate records and retractions.   
To make sure the analysis follows the methodological standards, we didn't include research that was published outside of the 
chosen time frame or wasn't indexed in the bibliographic databases.   Sixteen hundred fifty-two papers covering the years 
2001–2025 were deemed suitable for analysis after the exclusion criteria were applied.   Of the 1906 items initially retrieved, 
254 were discarded as review articles or not published in English. We ensured that only original research publications written 
in English were included in the bibliometric analysis by applying this filtering strategy. The keyword search is executed in 
Dimension.ai by the query: “Disguised voice” and “Speaker identification” in Title and Abstract data only. These documents 
were carefully chosen since they were published in English between 2001 and July 2025. The only allowable forms of were 
those published in academic journals, conference proceedings, book chapters, and edited books. Here, manually removed the 
entries that were not peer-reviewed or that were similar to others. Figure 1 shows how the inclusion and exclusion criteria 
were applied in sequence. 
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Figure 1.  Bibliometric analysis article identification, inclusion, and exclusion flowchart (2001–2025) 

The most popular ones are Scopus and WoS because of their comprehensive coverage, ability to track citations, and 
compatibility with bibliometric tools for mapping and analysing research trends, such as VOSviewer, Bibliometric, and Cite 
Space.  

 2.2. Development Trend Analysis 

After 2012 in particular, the bibliometric data show that the number of publications linked to the use of disguised speech 
analysis for speaker identification increases significantly between 2001 and 2025. The number of publications was 
consistently modest, 10 to 61 from 2001 to 2015.  Thus, academic interest during the foundational period was continuous but 
limited.   Starting in 2016, there was a discernible uptick, and by 2019, that uptick had accelerated to a peak of 120 
publications, signifying an advance in research interest or technology advancements. This peak positively does seem to be a 
turning point, exemplifying how important the topic is becoming in both academic and forensic talks. There was a little dip 
in the number of papers available after 2019. Still, productivity sustained strongly in the years after the peak (2020–2025), 
with an average of more than articles available per year. This establishes how much the topic has grown and how they have 
remained interested over time. It looks like the dip in 2025 strength is more about not having sufficient data from this year 
than a real drop in publications. Figure 2 really shows how disguised voice inspection is more general for classifying speakers 
and how this technique is more complex when you look at it in a framework. 

The growth trend examination for an influenced subject, the key area line is to present a backbone and review how research 
has changed over time. Typically, observing the annual publication production over a detailed time frame is enough. 
Researchers can see whether academic attention is rising, remaining the same, or falling by tracking how many papers are 
published each year.   Big rises or spikes could be due to key scientific innovations, policy changes, or rising societal interest. 
This technique really helps us comprehend how progressive the education field is and what we can suppose from upcoming 
academic efforts.  

 
Figure 2. Yearly Academic Publication from 2001 to 2025 Trends 

The " Yearly Academic Publication from 2001 to 2025 Trends" bar chart illustrations 2001–2025 publication amounts of 
speaker identification form disguised voice. The statistics show that journals grew steadily between 2001 and 2015. After 
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this high, publications began to drop in 2010 and continued to decline until 2025. The topic appears to increase through 2020, 
potentially due to scholarly or technological improvements, and then to drop, possibly due to a saturation point, a shift in 
study priorities, or inadequate indexing in later years. 

2.3. Research Author Analysis 

Research author analysis focuses on identifying the most productive and influential authors within the field. Metrics such as 
publication counts, h-index, citation counts, and co-authorship networks are used to assess individual contributions and 
collaborative behaviours. Author collaboration networks are often visualized to highlight research clusters and central Figure 
3. This analysis provides insights into the key contributors, their institutional affiliations, and the level of collaboration among 
researchers. In this analysis, 9972 authors are found, only 81 authors meet the threshold with 5 minimum of documents and 
citations for authors. Out of 81 authors, 55 authors have the largest set of connected items, as shown in Figure 3. 

 
Figure 3. Disguised Voice Analysis Co-Authorship Network Visualisation Top 10 authors their publications 

An illustration of a co-authorship network of researchers working in the subject of speaker identification and associated voice 
research is presented in Figure 3, which can be found above. This network was visualised using VOSviewer. Each author is 
represented by a node, and the node's size is proportional to the number of publications associated with that author or to the 
weight of their contributions to the collaborative effort. The connecting lines, also known as edges, represent relationships 
between co-authors, with thicker lines indicating a stronger level of collaboration. To highlight closely connected subgroups 
or research teams working together within the topic, authors are organised into distinct clusters, each represented by a 
distinctive colour. 

For example, the red cluster demonstrates a dense network of collaboration that includes researchers such as Kim, W., 
Reinmuth, N., and Tisi, M. This indicates a powerful collaborative group making major contributions to the body of literature. 
Another group that is actively working together is represented by the green cluster, which includes members such as 
Garassino, M.C. and Pietanza, M.C., amongst others. On the other hand, the blue cluster on the right, which includes 
Chowdhury, S., Parmar, M.K.B., and Sydes, M.R., appears more isolated yet internally cohesive, suggesting a specialised 
research emphasis. The visualisation not only exposes key authors and the links between them, but also helps identify trends 
in collaborative research, research silos, and potential gaps for future multidisciplinary collaboration in the landscape of 
speaker identification research. 

Table 4 above provides a bibliometric summary of the top ten authors in the field of disguised voice analysis for speaker 
identification. It shows how many articles each author has published and how many times their work has been cited, which 
helps us assess the quality of their research and its importance in the field. Researchers regularly hold different opinions 
concerning the appropriate extent of credit allocation, as evidenced by statistics indicating both raised productivity and 
changing citation influence levels.   This study gives us a better idea of who the most significant people and supposed bests 
are who are creating development in this field. 

Table 4. Top 10 Authors with the Highest Document and Citations Count 

S.No. Author Documents Citations 

1 Paz-Ares, L. 13 304 
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Table 4 (Continued) 

2 Felip, E. 12 314 

3 Cho, B.C. 12 238 

4 Sekeres, Mikkael A. 12 12 

5 Wu, Y.-L. 10 285 

6 De Marinis, F. 10 165 

7 Van Cutsem, E. 10 91 

8 Visconte, Valeria 10 8 

9 Cheng, Y. 9 287 

10 Reck, M. 9 250 

Here, a lot is shown about the work and influence of specialists in disguised speech investigation for speaker papers by 
looking at their bibliometric outlines. Paz-Ares, L. is among the famous authors, with 13 documents and an astounding 304 
citations, proving her active involvement and major impact on the subject [21].  Felip, E. and Cho, B.C. are the next two 
writers on the list. Each of them has 12 publications that have been highly cited.  Felip's papers have been cited 314 times, 
whereas Cho's works have been cited 238 times [33, 34]. It looks Sekeres, M. doesn't have many citations, which could 
suggest he hasn't had much influence yet or that he's new to the field, even though he's published 12 papers.   Visconte, V. 
has published 10 journal papers, but only 8 have been cited.  That can mean that his effort is either in a very niche field or 
that it isn't getting the attention it deserves.   It's noteworthy to see that Cheng, Y. and Reck, M. have very high citation 
counts—287 and 250, respectively—even though they've only published a few works (9).  This is a clear sign that their work 
has a enormous result on the field.   This analysis controls that in examining the help of researchers to the study of disguised 
voice, it is essential to evaluate both the quantity of publications and their overall influence on the subject [22, 23, 41]. 

2.4. Analysis of Research Organisation 

Institute collaboration, as shown by co-authored publications, indicates a rise in international alliances. Collaboration in 
neural networks, signal processing, and voice biometrics boosts research quality and influence. The institutional landscape 
greatly impacts speaker identification technologies, knowledge sharing, and voice disguise in healthcare and security. This 
component examines authors' institutional affiliations to determine which organizations contribute most significantly to the 
research domain. It involves aggregating publication and citation data by institution to assess research productivity and 
impact. The analysis often includes mapping geographical distribution and evaluating cross-institutional collaborations. This 
can reveal centres of excellence, dominant countries or regions, and emerging institutions in the field. In this analysis , 3305 
organisations are found, only 342 organisations meet the threshold with 5 minimum of documents and citations for authors. 
Out of 342, 339 authors have the largest set of connected items, as shown in Figure 4.  

Figure 4. Collaboration Network for Disguised Voice Analysis Research 
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Using VOSviewer, universities that specialise in voice analysis and speech recognition were included to the co-authorship 
network. This network is shown in the diagram above. The collaborative activities, represent different colleges. The links 
(edges), which are based on articles that both parties co-authored, reflect collaboration between universities. The line will be 
thicker if the partnership is stronger or occurs more frequently [24, 25]. Each cluster's institutions are colour-coded to reflect 
a unique community of cooperation [32]. Clusters are collections of related institutions. As the largest nodes in their clusters, 
the Institute Gustave Roussy, Memorial Sloan Kettering Cancer Centre, Roche (United States), and Vall d'Hebron Hospital 
Universitario demonstrate how central and active these institutions are. This implies that these organisations work with many 
people and conduct extensive research simultaneously [26, 27, 73, 75]. 

 The green and blue groups represent European medical facilities, such as the Cleveland Clinic and Hospital Universitario 12 
de Octubre. These clusters demonstrate the substantial connection within regional or worldwide research groups. Several 
important American and Asian universities, such as Penn, Sungkyunkwan, the Mayo Clinic, and the University of Hong 
Kong, are represented by orange and red clusters [72, 76, 77]. These clusters collaborate across nations and continents. By 
presenting the work of renowned international medical, academic, and research organisations involved in speaker 
identification research, this visualisation demonstrates how partnerships are promoting the sharing of information and 
concepts across national borders [28, 29, 30, 35]. 

Table 5 above provides a bibliometric summary of the top ten organisations that are studying disguised voice analysis for 
speaker identification [31]. The number of research articles produced by each university and the total number of citations 
obtained are displayed. Each organization's impact and output on the scientific community can be assessed using these 
markers. The data highlights the significance of world-class medical and academic institutions to the growth of this 
specialised industry [26, 35]. 

Table 5. Top 10 Organizations by Documents and Citation Counts Analysis 

S. No. Organization Documents Citations 

1 Vall D'Hebron Hospital Universitari 54 1196 

2 Memorial Sloan Kettering Cancer Center 53 1338 

3 The University Of Texas Md Anderson Cancer Center 52 845 

4 Institut Gustave Roussy 46 1333 

5 Dana-Farber Cancer Institute 36 598 

6 Msd (United States) 36 1050 

7 Hospital Universitario 12 De Octubre 35 570 

8 Harvard University 33 591 

9 University Of California, Los Angeles 30 934 

10 Moffitt Cancer Center 29 388 

Several esteemed international organisations have made significant contributions to Disguised Voice Analysis in Speaker 
Identification, according to a survey of the academic literature. The importance and productivity of Vall d'Hebron Hospital 
Universitari's research are demonstrated by their 54 publications and 1,196 citations, which consistently place them #1. 
Memorial Sloan Kettering Cancer Centre (53 documents, 1338 citations) and Institut Gustave Roussy (46 papers, 1333 
citations) are both highly esteemed institutions that consistently provide innovative research. The University of Texas MD 
Anderson Cancer Centre also exhibits remarkable engagement with 52 publications and 845 citations.  

2.5. Analysis of Research Countries 

A country-by-country review discloses that academics from all corners of the globe have made important contributions to the 
field of Disguised Voice inspection in Speaker Identification. Research output is highest in nations with the best infrastructure 
and the most talented scientists [70, 71]. The United States, China, the United Kingdom, Germany, and Japan rank first when 
considering the impact of citations and the number of publications from each country. These nations thrive because of their 
strong institutional support, interdisciplinary understanding, and robust funding channels. Collaboration across national 
borders reflects the worldwide significance of voice disguise issues in the fields of security, forensics, and human-computer 
interface. This geographical distribution demonstrates the worldwide interest and ongoing advancements in speaker 
identification research. In this analysis, 98 countries are found, only 49 countries meet the threshold with 5 minimum of 
documents and citations for authors as shown in Figure 5. 
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Figure 5. Network of Collaboration in Research Concerning Disguised Voice Analysis, Organised by Country 

VOSviewer was used to create the map of nations' collaboration networks up there. This speaker identification map is the 
result of collaboration amongst researchers from around the globe. Each node in the graph represents a different country, and 
its size denotes the volume of publications or research performed [68, 69]. Co-authorship, another term for international 
collaboration between scholars from certain nations, is indicated by links between nodes in the network. Denser and thicker 
lines indicate higher levels of collaboration. Countries that have demonstrated greater intra-group collaboration are 
represented by the clusters, which are indicated by various colours [28, 36].  

The United States of America, the most well-known node, has the most publications and works with the most nations globally, 
including China, the United Kingdom, Canada, and Germany. Other notable contributors include China, Germany, France, 
and the United Kingdom, each of which has functioned as a hub within its own cluster region [39, 40]. The region's level of 
integration is demonstrated by the thick green cluster that results from the union of the majority of European nations [29, 30, 
67].  

According to the number of articles published and citation counts, Table 6 lists the top 10 countries that have contributed to 
the research on Disguised Voice Analysis in Speaker Identification. These measures [34, 35, 66] show each country's 
scientific production and the impact of its research. Academics tend to pay more attention to countries whose citation numbers 
exceed their publication counts. To comprehend global research tendencies, partnerships, and leadership, this data is vital. 

Table 6. Top 10 Countries by Disguised Voice Analysis Research Output and Citation Impact 

S. No. Country Documents Citations 

1 United States 688 10726 

2 United Kingdom 218 4287 

3 Spain 201 3453 

4 France 193 4101 

5 Italy 192 2137 

6 Germany 182 3565 

7 Japan 138 2994 

8 Canada 129 2922 

9 China 121 2843 

10 South Korea 97 2778 
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The United States maintains its position as the major provider of disguised speech analysis research with 688 publications 
and 10,726 citations. The abundance of funding opportunities, strong academic infrastructure, and focus on multidisciplinary 
collaboration likely contribute to this leadership. Germany (182 documents, 3,565 citations), France (193 documents, 4,101 
citations), and the United Kingdom (218 documents, 4,287 citations) are among the European countries that, after the United 
States, make substantial contributions. Clearly, Spain is making waves in this area, demonstrating both significant 
productivity and expanding influence, with 201 publications and 3,453 citations [36, 37, 38]. The following Asian nations 
are very involved: Japan (138 documents, 2,994 citations), South Korea (97 documents, 2,778 citations), and China (121 
documents, 2,843 citations). While publishing fewer articles than Western nations, these countries till achieve competitive 
citation counts, suggesting significant research contributions. Italy and Canada, two countries that have consistently 
contributed significant contributions to the literature, round out the top ten with 192 and 129 documents, respectively, and 
2,137 and 2,922 citations. Given the growing importance of disguised voice analysis across regions, it is clear that continuous 
global collaboration and innovation in speaker identification technology are needed [39, 40, 41]. 

3. Citation Analysis of Speaker Identification Research 

Speaker identification research frequently practices citation examination to highlight how academic articles influence the 
field and each other. This study aims to pinpoint the key factors that have influenced the growth of speaker identification 
technology [65]. To spread this goal, we consider factors such as citation counts, notable works, and key authors [64]. On 
top of that, it sheds light on the most-cited articles, collaborator networks, and research priority patterns. Citation designs 
disclose where earlier work has been done and where additional effort might be done to aid in future study. If we want to 
know how speaker identification research has advanced and who merits the credit, this paper is a fantastic resource [42, 43, 
44]. 

3.1. Documents as a Unit of Analysis 

In citation analysis, selecting documents as the unit of analysis refers to analysing individual research papers, articles, or 
publications. VOS viewer hows how often each document is cited, helping identify the most influential and highly cited 
studies in a specific research area. This allows researchers to trace the development of ideas, recognize foundational works, 
and determine the key contributions shaping the field [45, 46]. Citation links between documents also reveal the intellectual 
structure of the domain.  In this analysis, 1758 documents are found, only 826 documents meet the threshold with 3 minimum 
of 3 citations for a document. Out of 826 documents, 78 documents have the largest set of connected items, as shown in 
Figure 6.  

 
Figure 6. Key Authors' Citation Network with Document and Citation 

Figure 6 shows a citation network of important authors, with relationships between papers based on mutual references 
and citation links. Central nodes such as Tirumala (2017), Grimaldi (2008), and Zhao (2012) have been cited extensively, 
indicating their importance in the field. The colour-coded clusters show how distinct research streams have changed over 
time by grouping them by theme or collaboration. For example, Gelfer (2005) and Jessen (2008) are the main points of 
interest in their clusters, while Fong (2013) connects multiple nodes, which suggests that it plays a bridging role. The 
network makes the growth, spread, and impact of knowledge in the field of speaker identification and speech analysis 
research stand out visually [47, 48, 63], as shown in Table 7. 
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Table 7. Maximum Citation of Top 10 Documents  

S.No. Document Citations 

1 Yau (2019A) 640 

2 Wilson (2010) 471 

3 Wilson (2019) 254 

4 Fizazi (2019B) 246 

5 Cheng (2019B) 199 

6 Lemhöfer (2008) 189 

7 Nan (2010) 177 

8 Sidaras (2009) 175 

9 Kuperman (2011) 174 

10 Francis (2008) 173 

3.2. Sources as a Unit of Analysis 

From the VOS viewer, the results show the journals, books, or conference proceedings where the papers are published when 
looking at sources. This kind of citation analysis really helps us figure out which sources are getting the most attention and 
how they affect the flow of information. It highlights the core journals in a particular field, supporting journal selection for 
publishing or literature review [51, 52, 53]. This analysis aligns with bibliometric principles, such as Bradford’s Law, which 
concerns the distribution of articles across journals. In this analysis, 511 documents are found, only 64 documents meet the 
threshold with 3 minimum of documents from a source and citation of a source [54]. Out of 64 documents, 35 sources have 
the largest set of connected items, as shown in Figure 7.  

Figure 7. Voice and Speaker Identification Journals' Collaborative Citation Network 

The data shows several scholarly papers that have helped biomedical, audio, and speech research [56]. Annals of Oncology, 
Blood, and PLOS ONE are highly cited biomedical journals. Speech science and technology research requires audio-speech 
journals [55]. The Journal of the Acoustical Society of America, the Journal of Phonetics and Speech Communication, the 
Journal of Voice, and the Journal of Speech, Language, and Hearing Research are examples. These sources are established 
experts despite their moderate CiteScores and citations. Expert Systems with Applications covers AI and voice processing, 
demonstrating its multidisciplinary nature. The top quartile (Q1) sources are authoritative and high-quality. They offer 
clinical, engineering, and linguistic perspectives shown in Table 8. 
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Table 8. Highest Cited Articles with a Productive Source 

When shown the creative bases finished citation data, you can see which journals are really making an impact in the field of 
speaker identification from masked voices. The Journal of the Acoustical Society of America is the most important of the top 
sources, with 139 publications and 1185 citations. It is a essential journal for acoustic and phonic research, which is important 
for voice disguise detection. The IEEE Transactions on Audio, Speech, and Language Dispensation also stands out since it 
has a great citation-to-publication ratio (494 citations from just 10 articles).  This highlights its practical depth and importance 
on cutting-edge speech processing methods, including machine learning [24, 74]. 

Additional significant journals that consume had a big influence are the Paper of Phonetics (455 citations), Speech 
Communication (425 citations), and the Journal of Speech Language and Hearing Research (316 citations). Respectively of 
these journals has aided us comprehend speech features and erraticism improved, particularly once it originates to disguised 
speech [58]. Expert Systems with Applications also contributes to computational modelling, a growing area in speaker 
recognition. While Annals of Oncology and Blood top the table by volume, they are unrelated to the domain and are not 
considered core sources for this review [59]. Overall, the analysis identifies journals that provide foundational and technical 
knowledge for the field, helping shape the research landscape in speaker identification and voice disguise analysis [60, 61, 
62]. 

3.3. Forecasting on Research Trends 

Here, a linear regression method was applied to generate the forecast analysis for speaker identification from disguised voice, 
as shown in Figure 8. It is used published papers from 2001 to 2025 shown in Figure 2. This arithmetical approach is intended 
to increase publication statistics to forecast future development in this research area. The forecasting is consistent, as the 
model showed a robust relationship between the number of publications and publication year. As advances in forensic science, 

S. 
No.  Source Publication Citations Citescore 

2024 Quartile  IF Publisher SNIP SJR H-
Index 

1 Annals of 
Oncology 263 4720 70.4 Q1 65.4 Elsevier 10.485 19.072 311 

2 

Journal of the 
Acoustical 
Society of 
America 

139 1185  4.4  Q1  2.3 
Acoustical 
Society of 
America 

 1.187  0.702  221 

3 Blood 278 575  23.0  Q1  
22.13  Elsevier  3.47  5.83  540 

4 

IEEE 
Transactions on 
Audio, Speech, 
and Language 
Processing 

10 494  12.4  Q1  5.1  IEEE  2.53  1.06  92 

5 Journal of 
Phonetics 12 455  4.2  Q1  2.4  Elsevier  2.03  1.39  102 

6 Speech 
communication 19 425  6.5  Q1  3.0  Elsevier  1.25  0.493  118 

7 Plos One 15 362  5.4   Q1  2.6 
 Public 
Library of 
Science 

 1.065  0.803  467 

8 

Journal of 
speech language 
and hearing 
research 

13 316  3.9  Q1 2.8  

 American 
Speech-
Language-
Hearing 
Association 
(ASHA) 

1.244   0.836  164 

9 Journal of voice 14 289  4.2  Q1  2.3  Elsevier  1.39  0.573  114 

10 Expert systems 
with applications 10 272  15.0  Q1  7.5  Elsevier 2.54   1.8 290  
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artificial intelligence, and speech technology progress, individuals will gradually become concerned with speaker 
identification and disguised voices. The forecast proposes a stable growth of around 70% in research articles between 2025 
and 2040. Forecasting research trends involves using bibliometric indicators and machine learning or statistical models to 
predict the field's future direction. This may include trend extrapolation based on historical publication data, emerging 
keyword analysis, and topic modelling using natural language processing techniques. The goal is to identify nascent topics, 
evolving themes, or declining areas of research. Such perceptions are appreciated for investigators, representatives, and 
supporting activities to order properties and planned preparation shown in Figure 8. 

  
Figure 8. Predicted Annual Progress Rate of Speaker Identification Research Publication Between 2025-2040 

From 2025 to 2040, the approximation demonstrates an incessant and important rise in research identifications about 
classifying speakers from disguised voices. These demonstrate that there has been about a 70% growth over the last 16 years, 
which shows how much more attention researchers and scientists are paying to this specialised area of speech processing and 
biometric security. The issues posed by deepfakes, impersonation, and speech spoofing technologies have directly led to the 
growing importance of speaker identification, particularly when dealing with altered or masked voices. Recent developments 
in forensic linguistics, machine learning, and artificial intelligence have benefited this profession by enabling greater 
precision in detecting deliberate speech effects. This field is presently experiencing a rise in attention, which is an optimistic 
sign for the future of research in the fields of law implementation, scientific discipline, and safety. There may be a steady 
increase in the number of publications, a sign of increased involvement by researchers and institutions across disciplines. 
This might be due to an increase in financing, as well as possible industrial uses. To summarise, the anticipated trend indicates 
that detecting speakers from disguised speech is a current research priority, a strategically significant subject that is gaining 
prominence and has the potential to develop further. 

4. Discussion 

An emerging, multidisciplinary field of study with far-reaching implications for theory and practice has emerged from poring 
over bibliometric data on speaker identification using masked voices.   There was a focused and cooperative research 
community, since 78 out of 826 important papers formed a highly connected network. The examination of papers comprising 
documents led to this conclusion.  Influential revisions similar to Yau (2019a) and Wilson (2010, 2019) have meaningfully 
improved the introductory information and organisation of disguise discovery, as shown by their high citation totals.  This 
form of work demonstrates significant advances in model and practical novelty, particularly in acoustic feature removal, 
machine learning, and forensic assessment.  The examination of journal sources highlights the importance of field-specific 
papers as dominant nodes in intellectual announcement. Though papers like Annals of Oncology and Blood lead in reference 
capacity, they do not produce a dominant part in the speaker identification area. Conversely, publications such as The Journal 
of the Acoustical Society of America, IEEE Transactions on Audio, Speech, and Language Processing, and Speech 
Communication exhibit high citation rates and direct relevance, underscoring their significance as dependable and 
authoritative venues for sharing advanced research in speech technology and speaker verification. 

These sources serve as essential journals while also meeting quality standards for citation impact and scope alignment.  An 
inspection of the authors indicates a network of scholars who consistently contribute, with specific researchers frequently 
appearing in the top-cited papers.  This indicates the existence of stable research clusters that facilitate gains via sustained 
collaboration, while also suggesting individual productivity levels.    Furthermore, an examination of the institutions reveals 
that prestigious universities and particular speech research workshops play an important role in the field of speech research. 
To perform complicated speech tests, such as voice disguise and thoughtful operation, these groups frequently found planned 
companies.  In investigative research output and citations on a nationwide scale, it is obvious that republics such as the US, 
UK, and China are prominent players. The widespread distribution of capital near biometric and voice recognition security 
skills, joined with a robust substructure, is a direct contributor to this consequence. The being of world-wide co-authorship 
highlights the need for international partnership in speaking to the tests posed by voice-based impression gears, while also 
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showcasing the theme's world-wide significance.  Forecasts for the period between 2025 and 2040 designate a distinguished 
and incessant increase in journal output, mounting from 208 to 353 journals each year.  This proposes that the documentation 
of speakers from disguised voices is both a significant area of research at present and a key focus for future advancements. 
The combination of artificial intelligence, scientific linguistics, and acoustic demonstrates that the field continues to evolve, 
exert influence, and play a vital role in upcoming biometric and cybersecurity applications. 

5. Limitations of Speaker Identification from Disguised 

A list of the study's limitations in identifying speakers using disguised voices is provided below. Here are the constraints 
outlined in bullet points: 

• Since this study can only look at articles published in big databases, it's likely that patents, relevant grey literature, and non-
English publications will not be considered. 

• It prioritises audio-based information concealment measures over more innovative multimodal (e.g., audiovisual) or 
behavioural biometric approaches.  

• Although it provides numerical data, bibliometric analysis may not always accurately represent the originality or quality of 
studies. This might happen. 

• In addition, the results are not very applicable since the review doesn't test or compare speaker identification algorithms. 
One drawback of the review is this.  

• Attempts to keep the review relevant face obstacles due to the exponential rise of adversarial techniques and deep learning 
capabilities.  

• The scope of debate on application in real-world scenarios is constrained due to the limited availability of disguised voice 
datasets, which can be either real-world or proprietary. 

• It is likely that the multidisciplinary contributions of linguistics, forensics, and psychology will not be thoroughly examined 
due to the scope restrictions. 

• A comprehensive examination of the privacy, legal, and ethical issues associated with speaker identification under covert 
circumstances cannot be found in this book. This is because information regarding these factors is kept secret. 

6.  Conclusion 
This bibliometric review has provided a comprehensive overview of the research landscape in the field of speaker 
identification from disguised voice. Observing citations and co-authorship discloses significant papers, significant journal 
sources, and imperative contributions that have reformed this research area.    Remarkable publications, particularly those 
written by Yau and Wilson, have determined important research and incessant development in the fields of speech processing. 
An aspect of the cause’s demonstrations is that particular publications, such as The Journal of the Acoustical Society of 
America and IEEE Transactions on Audio, Speech, and Language Processing, are key venues for sharing novel concepts.  
Official and nationwide valuations, including assessments from prominent academic organisations and creativities involved 
in global associations, have established that the US, UK, and China excel in research and invention. Information demonstrates 
that the number of publications has progressively and meaningfully increased from 2025 to 2040.  It is kind pay attention to 
this pattern for the predicted annual progress rate of speaker identification research publication between 2025 and 2040. This 
recommends that there will undoubtedly be additional research and attention in this kind of research in this field. The growing 
threat of voice disguise and advances in deepfake acoustic technology underscore the significance of this problem. The 
examination of speaker identification via masked voices is a crucial and advancing domain of research in security, forensics, 
and biometric authentication systems. 
 
7. Future Work 

Future research on speaker identification from disguised voice must focus on several important areas to expand and strengthen 
the organization's role. Here, it is focused on additional progressive deep learning representations so that we can distinguish 
and recognize a wider variety of equally deliberate and inadvertent vocal impressions. Approximately individuals have 
suggested that we should examine multimodal biostatistics to determine whether they can be more complete and more precise 
in difficult situations. These biostatistics can pick up more than purely arguments that are supposed. It can correspondingly 
prefer lip programme, performance signals, and facial expressions of excitement. To train and test, it’s required to have large, 
openly accessible datasets of disguised voices that cover a diversity of languages and ways to hide your speech. Individuals 
who work in security and forensics must be able to use a database effectively so they can develop data rapidly and with 
minimal interruption. In the future, research on speaker identification from disguised voice must largely focus on how 
composite representations make choices and rely on reasonable artificial intelligence methods. This could assist people to be 
more authentic and transparent with one another. It assists in efforts with specialists from other fields to resolve 
methodological and moral problems at the same time. Before it can be used, speaker identification algorithms can be 
improved by simulating real-life situations that cause authentic complications, such as contextual noise and degraded audio 
quality. It is required to scrutinise more intensely how these technologies stimulate privacy and the regulations with the aim 
of using them securely. Because of these predictable advances, researchers are enthusiastically exploring novel and additional 
ethical methods for speaker identification. 

 



 
 
 Mahesh K. Singh, Sanjeev Kumar, Rajeev Ranjan                          Sakarya University Journal of Computer and Information Sciences 9 (1) 2026, 243-261 

258 
 

Article Information Form 

Authors Contributions: Mahesh K. Singh: Conceptualization, implementation of methods, analysis, and writing. Sanjeev 
Kumar: Validation, and review and editing. Rajeev Ranjan: Supervision, final approval. 

Conflict of Interest Notice: The authors declare that there is no conflict of interest regarding the publication of this paper. 

Ethical Approval: It is declared that during the preparation process of this study, scientific and ethical principles were 
followed, and all the studies benefited from are stated in the bibliography. 

Availability of Data and Material: The datasets generated and analysed during the current study were obtained from the 
Dimensions.ai database and will be available from the corresponding author on reasonable request. 

Artificial Intelligence Statement: The authors confirm that no artificial intelligence tools were used in the writing of this 
article. 

Plagiarism Statement: This article has been scanned by Turnitin ™. 

References 

[1] M. Farrús, “Voice disguise in automatic speaker recognition,” ACM Computing Surveys (CSUR), vol. 51, no. 4, pp. 1–
22, 2018. doi: 10.1145/3195832 

[2] M. K. Singh, “Identification of Speaker from Disguised Voice Using MFCC Feature Extraction, Chi-Square and 
Classification Technique,” Wireless Pers. Commun, vol. 138, no. 2, pp. 973–987, 2024. doi: 10.1007/s11277-024-11542-0 

[3] L. Tavi, T. Kinnunen, and R. G. Hautamäki, “Improving speaker de-identification with functional data analysis of f0 
trajectories,” Speech Commun, vol. 140, pp. 1–10, 2022. doi: 10.1016/j.specom.2022.03.010 

[4] I. Altalahin, S. AlZu'bi, A. Alqudah, and A. Mughaid, “Unmasking the truth: A deep learning approach to detecting 
deepfake audio through MFCC features,” in Proc. Int. Conf. on Information Technology (ICIT), pp. 511–518, Aug. 2023. 
doi: 10.1109/ICIT58056.2023.10226172 

[5] E. B. Kang, “Biometric imaginaries: Formatting voice, body, identity to data,” Soc. Stud. Sci., vol. 52, no. 4, pp. 581–
602, 2022. doi: 10.1177/03063127221079599 

[6] S. Krouwer, K. Poels, and S. Paulussen, “To disguise or to disclose? The influence of disclosure recognition and brand 
presence on readers' responses toward native advertisements in online news media,” J. Interact. Advert., vol. 17, no. 2, pp. 
124–137, 2017. doi:10.1080/15252019.2017.1381579 

[7] I. Park, and B. Yoon, “Identifying promising research frontiers of pattern recognition through bibliometric analysis,” 
Sustainability, vol. 10, no. 11, p. 4055, 2018. doi: 10.3390/su10114055 

[8] J. Chen, and H. Chang, “Sketching the landscape of speech perception research (2000–2020): A bibliometric study,” 
Front. Psychol., vol. 13, p. 822241, 2022. doi: 10.3389/fpsyg.2022.822241 

[9] N. Das, and N. Padhy, “A Bibliometric and co-occurrence analysis of speech processing literature published from the 
year 2015 to mid of June 2021,” in Proc. Int. Conf. Data Sci., Mach. Learn. Artif. Intell., pp. 237–243, 2021. doi: 
10.1145/3484824.348490 

[10] J. Yin, “Research on the application of visual maps based on CiteSpace in speech technology,” J. Phys.: Conf. Ser., vol. 
1952, no. 2, p. 022062, 2021. doi: 10.1088/1742-6596/1952/2/022062 

[11] L. Wu, and M. Chen, “A Bibliometric Analysis of Intelligent Voice Interaction Based on VOSviewer,” in Proc. Int. 
Conf. Human-Comput. Interact., pp. 443–455, 2022. doi: 10.1007/978-3-031-06018-2_31 

[12] C. Puig-Herreros, J. L. Sanz, V. Rosell-Clari, L. Barona, and M. Melo, “What are the contemporary trends on euphonic 
voice research? A scientometric analysis,” Healthcare, vol. 10, no. 11, p. 2137, 2022. doi: 10.3390/healthcare10112137 

[13] A. Alduais, M. A. Al-Khulaidi, S. Allegretta, and M. M. Abdulkhalek, “Forensic linguistics: A scientometric review,” 
Cogent Arts & Humanities, vol. 10, no. 1, Art. No. 2214387, 2023. doi: 10.1080/23311983.2023.2214387 

[14] M. S. Vitevitch, “Speech, language, and hearing in the 21st century: A bibliometric review of JSLHR from 2001 to 
2021,” J. Speech Lang. Hear. Res., vol. 66, no. 9, pp. 3428–3451, 2023. doi: 10.1044/2023_JSLHR-23-00203 

[15] D. F. Kponou, F. A. Laleye, and E. C. Ezin, “Systematic literature review and bibliometric analysis of low-resource 
speech-to-text translation,” in Proc. Future Technologies Conf., Cham: Springer, pp. 379–398, Nov. 2024. doi: 10.1007/978-
3-031-73125-9_24 

[16] M. Wasi, S. Zaki, and R. H. Anwar, “A bibliometric analysis of research in forensic linguistics,” SAGE Open, vol. 14, 
no. 4, 2024. doi: 10.1177/21582440241299280 

[17] M. Yan, and X. Wu, “Prosody in linguistic journals: a bibliometric analysis,” Humanit. Soc. Sci. Commun., vol. 11, Art. 
No. 311, pp. 1–15, 2024. doi: 10.1057/s41599-024-02825-9 

https://doi.org/10.1145/3195832
https://doi.org/10.1007/s11277-024-11542-0
https://doi.org/10.1016/j.specom.2022.03.010
https://doi.org/10.1109/ICIT58056.2023.10226172
https://doi.org/10.1177/03063127221079599
https://doi.org/10.1080/15252019.2017.1381579
https://doi.org/10.3390/su10114055
https://doi.org/10.3389/fpsyg.2022.822241
https://doi.org/10.1145/3484824.3484907
https://doi.org/10.1088/1742-6596/1952/2/022062
https://doi.org/10.1007/978-3-031-06018-2_31
https://doi.org/10.3390/healthcare10112137
https://doi.org/10.1080/23311983.2023.2214387
https://doi.org/10.1044/2023_JSLHR-23-00203
https://doi.org/10.1007/978-3-031-73125-9_24
https://doi.org/10.1007/978-3-031-73125-9_24
https://doi.org/10.1177/21582440241299280
https://doi.org/10.1057/s41599-024-02825-9


 
 
 Mahesh K. Singh, Sanjeev Kumar, Rajeev Ranjan                          Sakarya University Journal of Computer and Information Sciences 9 (1) 2026, 243-261 

259 
 

[18] N. Malik, A. Singh, and A. Kumar, “Acoustic signal processing and communications: Topic modeling of scopus abstracts 
from 2010 till 2024,” in Proc. 27th Int. Symp. Wireless Pers. Multimedia Commun. (WPMC), pp. 1–5, Nov. 2024. doi: 
10.1109/WPMC63271.2024.10863719 

[19] A. Bolakale Abdul Qudus et al., “A contemporary and comprehensive bibliometric exposition on deepfake research and 
trends,” Comput. Mater. Continua, vol. 84, no. 1, 2025. doi: 10.32604/cmc.2025.061427 

[20] M. Gee-Whai Kho, and S. H. Ting, “Bibliometric analysis of trends in research on communication apprehension,” 
Pertanika J. Soc. Sci. Humanit, vol. 33, no. 2, 2025. doi: 10.47836/pjssh.33.2.02 

[21] G. Lemaitre, O. Houix, F. Voisin, N. Misdariis, and P. Susini, “Comparing identification of vocal imitations and 
computational sketches of everyday sounds,” J. Acoust. Soc. Am., vol. 140, no. 4, p. 3390, 2016. doi: 10.1121/1.4970854 

[22] S. C. Dougherty, D. E. Mclaughlin, and T. K. Perrachione, “A language familiarity effect for talker identification in 
forward but not time-reversed speech,” J. Acoust. Soc. Am., vol. 137, no. 4, p. 2415, 2015, doi: 10.1121/1.4920807 

[23] M. Ruble et al., “Hyperdimensional Bayesian time mapping (HYPERBAT): A probabilistic approach to time series 
mapping of non-identical sequences,” IEEE Trans. Signal Process., vol. 67, no. 14, pp. 3719–3731, 2019. doi: 
10.1109/TSP.2019.2919002 

[24] E. S. Hassan et al., “Enhancing speaker identification through reverberation modeling and cancelable techniques using 
ANNs,” PLOS ONE, vol. 19, no. 2, p. e0294235, 2024. doi: 10.1371/journal.pone.0294235 

[25] N. Mamun, R. Ghosh, and J. H. Hansen, “Familiar and unfamiliar speaker recognition assessment and system emulation 
for cochlear implant users,” J. Acoust. Soc. Am., vol. 153, no. 2, pp. 1293–1306, 2023. doi: 10.1121/10.0017216 

[26] J. H. Hansen, M. K. Nandwana, and N. Shokouhi, “Analysis of human scream and its impact on text-independent speaker 
verification,” J. Acoust. Soc. Am., vol. 141, no. 4, pp. 2957–2967, 2017. doi: 10.1121/1.4979337 

[27] E. Hernández-García et al., “A voice and speech corpus of patients who underwent upper airway surgery in pre-and 
post-operative states,” Scientific Data, vol. 11, no. 1, p. 746, 2024. doi: 10.1038/s41597-024-03540-5 

[28] E. Jacewicz, R. A. Fox, and C. E. Holt, “Dialect and gender perception in relation to the intelligibility of low-pass and 
high-pass filtered spontaneous speech,” J. Acoust. Soc. Am., vol. 154, no. 3, pp. 1667–1683, 2023. doi: 10.1121/10.0020906 

[29] Y. Suh, and H. Kim, “Minimum classification error-based weighted support vector machine kernels for speaker 
verification,” J. Acoust. Soc. Am., vol. 133, no. 4, pp. EL307–EL313, 2013. doi: 10.1121/1.4794350 

[30] I. M. S. Bimantara et al., “Balinese story texts dataset for narrative text analyses,” Data in Brief, vol. 56, p. 110781, 
2024. doi: 10.1016/j.dib.2024.110781 

[31] M. Zolnoori et al., “Is the patient speaking or the nurse? Automatic speaker type identification in patient–nurse audio 
recordings,” J. Am. Med. Inform. Assoc., vol. 30, no. 10, pp. 1673–1683, 2023. doi: 10.1093/jamia/ocad139 

[32] A. B. Nassif, I. Shahin, and N. Nemmour, “Emotional speaker identification using PCAFCM-deepforest with fuzzy 
logic,” Neural Comput. Appl., vol. 36, no. 30, pp. 18567–18581, 2024. doi: 10.1007/s00521-024-10154-w 

[33] N. M. Almarshady, A. A. Alashban, and Y. A. Alotaibi, “Analysis and investigation of speaker identification problems 
using deep learning networks and the YOHO English speech dataset,” Appl. Sci., vol. 13, no. 17, p. 9567, 2023. doi: 
10.3390/app13179567 

[34] O. H. Anidjar, R. Marbel, and R. Yozevitch, “Harnessing the power of wav2vec2 and CNNs for robust speaker 
identification on the VoxCeleb and LibriSpeech datasets,” Expert Syst. Appl., vol. 255, p. 124671, 2024. doi: 
10.1016/j.eswa.2024.124671 

[35] H. J. Künzel, “Non-contemporary speech samples: auditory detectability of an 11-year delay and its effect on automatic 
speaker identification,” Int. J. Speech Lang. Law, vol. 14, no. 1, pp. 109–136, 2007. doi: 10.1558/ijsll.v14i1.109 

[36] A. A. Moura, N. Nepomuceno, and V. Furtado, “Enhancing speaker identification in criminal investigations through 
clusterization and rank-based scoring,” Forensic Sci. Int.: Digit. Investig., vol. 49, p. 301765, 2024. doi: 
10.1016/j.fsidi.2024.301765 

[37] M. K. Singh, “Feature extraction and classification efficiency analysis using machine learning approach for speech 
signal,” Multimedia Tools Appl., vol. 83, no. 16, pp. 47069–47084, 2024. doi: 10.1007/s11042-023-17368-5 

[38] P. Aneja, S. K. Choudhary, and S. Mathur, “Aural-acoustic analysis and gender identification of morphed male and 
female audios,” Int. J. Electron. Secur. Digit. Forensics, vol. 15, no. 2, pp. 177–183, 2023. doi: 10.1504/IJESDF.2023.129275 

[39] K. Daqrouq, “Wavelet entropy and neural network for text-independent speaker identification,” Eng. Appl. Artif. Intell., 
vol. 24, no. 5, pp. 796–802, 2011. doi: 10.1016/j.engappai.2011.01.001 

[40] A. B. Kain et al., “Improving the intelligibility of dysarthric speech,” Speech Commun., vol. 49, no. 9, pp. 743–759, 
2007. doi: 10.1016/j.specom.2007.05.001 

https://doi.org/10.1109/WPMC63271.2024.10863719
https://doi.org/10.32604/cmc.2025.061427
https://doi.org/10.47836/pjssh.33.2.02
https://doi.org/10.1121/1.4970854
https://doi.org/10.1121/1.4920807
https://doi.org/10.1109/TSP.2019.2919002
https://doi.org/10.1371/journal.pone.0294235
https://doi.org/10.1121/10.0017216
https://doi.org/10.1121/1.4979337
https://doi.org/10.1038/s41597-024-03540-5
https://doi.org/10.1121/10.0020906
https://doi.org/10.1121/1.4794350
https://doi.org/10.1016/j.dib.2024.110781
https://doi.org/10.1093/jamia/ocad139
https://doi.org/10.1007/s00521-024-10154-w
https://doi.org/10.3390/app13179567
https://doi.org/10.1016/j.eswa.2024.124671
https://doi.org/10.1558/ijsll.v14i1.109
https://doi.org/10.1016/j.fsidi.2024.301765
https://doi.org/10.1007/s11042-023-17368-5
https://doi.org/10.1504/IJESDF.2023.129275
https://doi.org/10.1016/j.engappai.2011.01.001
https://doi.org/10.1016/j.specom.2007.05.001


 
 
 Mahesh K. Singh, Sanjeev Kumar, Rajeev Ranjan                          Sakarya University Journal of Computer and Information Sciences 9 (1) 2026, 243-261 

260 
 

[41] S. A. Kumar, and C. S. Kumar, “Improving the intelligibility of dysarthric speech towards enhancing the effectiveness 
of speech therapy,” in Proc. Int. Conf. Adv. Comput., Commun. Informat. (ICACCI), pp. 1000–1005, Sept. 2016. doi: 
10.1109/ICACCI.2016.7732175 

[42] M. Newman, and A. Wu, “‘Do you sound Asian when you speak English?’ Racial identification and voice in Chinese 
and Korean Americans' English,” Amer. Speech, vol. 86, no. 2, pp. 152–178, 2011. doi: 10.1215/00031283-1336992 

[43] J. H. Hansen, and H. Bořil, “On the issues of intra-speaker variability and realism in speech, speaker, and language 
recognition tasks,” Speech Commun., vol. 101, pp. 94–108, 2018. doi: 10.1016/j.specom.2018.05.004 

[44] D. Mücke et al., “Challenges with the kinematic analysis of neurotypical and impaired speech: Measures and models,” 
J. Phonetics, vol. 102, p. 101292, 2024. doi: 10.1016/j.wocn.2023.101292 

[45] M. Corrales-Astorgano et al., “Analysis of atypical prosodic patterns in the speech of people with Down syndrome,” 
Biomed. Signal Process. Control, vol. 69, p. 102913, 2021. doi: 10.1016/j.bspc.2021.102913 

[46] S. G. Lambacher et al., “The effects of identification training on the identification and production of American English 
vowels by native speakers of Japanese,” Appl. Psycholinguistics, vol. 26, no. 2, pp. 227–247, 2005. doi: 
10.1017/S0142716405050150 

[47] M. Cao, P. I. Pavlik Jr, and G. M. Bidelman, “Enhancing lexical tone learning for second language speakers: effects of 
acoustic properties in Mandarin tone perception,” Front. Psychol., vol. 15, p. 1403816, 2024. doi: 
10.3389/fpsyg.2024.1403816 

[48] G. Zellou, A. Pycha, and M. Cohn, “The perception of nasal coarticulatory variation in face-masked speech,” J. Acoust. 
Soc. Am., vol. 153, no. 2, pp. 1084–1093, 2023. doi: 10.1121/10.0017257 

[49] L. Ménard, P. Trudeau-Fisette, and M. K. Tiede, “Intelligibility of speech produced by sighted and blind adults,” PLoS 
One, vol. 17, no. 9, Art. No. e0272127, 2022. doi: 10.1371/journal.pone.0272127 

[50] K. Bunton, “Fundamental frequency as a perceptual cue for vowel identification in speakers with Parkinson’s disease,” 
Folia Phoniatr. Logop., vol. 58, no. 5, pp. 323–339, 2006. doi: 10.1159/000094567 

[51] M. L. Ng, and R. Chu, “An acoustical and perceptual study of vowels produced by alaryngeal speakers of Cantonese,” 
Folia Phoniatr. Logop, vol. 61, no. 2, pp. 97–104, 2009. doi: 10.1159/000209272 

[52] C. Y. Lee et al., “Effects of speaker variability and noise on Mandarin fricative identification by native and non-native 
listeners,” J. Acoust. Soc. Am., vol. 132, no. 2, pp. 1130–1140, 2012. doi: 10.1121/1.4730883 

[53] I. Phillips et al., “Age impacts speech-in-noise recognition differently for nonnative and native listeners,” J. Speech 
Lang. Hear. Res., vol. 67, no. 5, pp. 1602–1623, 2024. doi: 10.1044/2024_JSLHR-23-00470 

[54] S. R. Cox, L. J. Raphael, and P. C. Doyle, “Production of vowels by electrolaryngeal speakers using clear speech,” Folia 
Phoniatr. Logop., vol. 72, no. 4, pp. 250–256, 2020. doi: 10.1159/000499928 

[55] J. K. Y. Ma, T. L. Whitehill, and S. Y. S. So, “Intonation contrast in Cantonese speakers with hypokinetic dysarthria 
associated with Parkinson’s disease,” J. Speech Lang. Hear. Res., vol. 53, no. 4, pp. 836–849, 2010. doi: 10.1044/1092-
4388(2009/08-0216) 

[56] V. G. Skuk, and S. R. Schweinberger, “Gender differences in familiar voice identification,” Hearing Res., vol. 296, pp. 
131–140, 2013. doi: 10.1016/j.heares.2012.11.004 

[57] C. Y. Lee, “Identifying isolated, multispeaker Mandarin tones from brief acoustic input: A perceptual and acoustic 
study,” J. Acoust. Soc. Am., vol. 125, no. 2, pp. 1125–1137, 2009. doi: 10.1121/1.3050322 

[58] C. Zhang, and J. H. Hansen, “Phonetic variability constrained bottleneck features for joint speaker recognition and 
physical task stress detection,” J. Acoust. Soc. Am., vol. 148, no. 5, pp. 2912–2921, 2020. doi: 10.1121/10.0002455 

[59] V. Martel-Sauvageau et al., “The impact of clear speech on the perceptual and acoustic properties of fricative–vowel 
sequences in speakers with dysarthria,” Amer. J. Speech Lang. Pathol., vol. 30, no. 3S, pp. 1410–1428, 2021. doi: 
10.1044/2021_AJSLP-20-00157 

[60] O. Hazrati, H. Ali, J. H. Hansen, and E. Tobey, “Evaluation and analysis of whispered speech for cochlear implant users: 
Gender identification and intelligibility,” J. Acoust. Soc. Am., vol. 138, no. 1, pp. 74–79, 2015. doi: 10.1121/1.4922230 

[61] L. Marchegiani and X. Fafoutis, “On cross-language consonant identification in second language noise,” J. Acoust. Soc. 
Am., vol. 138, no. 4, pp. 2206–2209, 2015. doi: 10.1121/1.4930955 

[62] S. Singh, S. Kumar, and B. K. Tripathi, “A comprehensive analysis of quaternion deep neural networks: architectures, 
applications, challenges, and future scope,” Arch. Comput. Methods Eng., pp. 1–28, 2024. doi:10.1007/s11831-024-10216-1 

[63] H. Luo, A. Boemio, M. Gordon, and D. Poeppel, “The perception of FM sweeps by Chinese and English listeners,” 
Hearing Res., vol. 224, no. 1–2, pp. 75–83, 2007. doi: 10.1016/j.heares.2006.11.007 

https://doi.org/10.1109/ICACCI.2016.7732175
https://doi.org/10.1215/00031283-1336992
https://doi.org/10.1016/j.specom.2018.05.004
https://doi.org/10.1016/j.wocn.2023.101292
https://doi.org/10.1016/j.bspc.2021.102913
https://doi.org/10.1017/S0142716405050150
https://doi.org/10.1017/S0142716405050150
https://doi.org/10.3389/fpsyg.2024.1403816
https://doi.org/10.1121/10.0017257
https://doi.org/10.1371/journal.pone.0272127
https://doi.org/10.1159/000094567
https://doi.org/10.1159/000209272
https://doi.org/10.1121/1.4730883
https://doi.org/10.1044/2024_JSLHR-23-00470
https://doi.org/10.1159/000499928
https://doi.org/10.1044/1092-4388(2009/08-0216)
https://doi.org/10.1044/1092-4388(2009/08-0216)
https://doi.org/10.1016/j.heares.2012.11.004
https://doi.org/10.1121/1.3050322
https://doi.org/10.1121/10.0002455
https://doi.org/10.1044/2021_AJSLP-20-00157
https://doi.org/10.1121/1.4922230
https://doi.org/10.1121/1.4930955
https://doi.org/10.1007/s11831-024-10216-1
https://doi.org/10.1016/j.heares.2006.11.007


 
 
 Mahesh K. Singh, Sanjeev Kumar, Rajeev Ranjan                          Sakarya University Journal of Computer and Information Sciences 9 (1) 2026, 243-261 

261 
 

[64] V. Aglieri, B. Cagna, L. Velly, S. Takerkart, and P. Belin, “FMRI-based identity classification accuracy in left temporal 
and frontal regions predicts speaker recognition performance,” Sci. Rep., vol. 11, no. 1, p. 489, 2021. doi: 10.1038/s41598-
020-79922-7 

[65] V. Von Kriegstein et al., “How the human brain recognizes speech in the context of changing speakers,” J. Neurosci., 
vol. 30, no. 2, pp. 629–638, 2010. doi: 10.1523/JNEUROSCI.2742-09.2010 

[66] X. Jiang, K. Gossack-Keenan, and M. D. Pell, “To believe or not to believe? How voice and accent information in speech 
alter listener impressions of trust,” Q. J. Exp. Psychol., vol. 73, no. 1, pp. 55–79, 2020. doi: 10.1177/1747021819865833 

[67] J. Kaur, A. Singh, and V. Kadyan, “Automatic speech recognition system for tonal languages: State-of-the-art survey,” 
Arch. Comput. Methods Eng., vol. 28, no. 3, pp. 1039–1068, 2021. doi: 10.1007/s11831-020-09414-4 

[68] J. Plante-Hébert, V. Boucher, and B. Jemel, “The processing of intimately familiar and unfamiliar voices: Specific neural 
responses of speaker recognition and identification,” PLoS One, vol. 16, no. 4, p. e0250214, 2021. doi: 
10.1371/journal.pone.0250214 

[69] E. Jacewicz, and R. A. Fox, “The effects of cross-generational and cross-dialectal variation on vowel identification and 
classification,” J. Acoust. Soc. Am., vol. 131, no. 2, pp. 1413–1433, 2012. doi:10.1121/1.3676603 

[70] Y. Park et al., “Categorization in the perception of breathy voice quality and its relation to voice production in healthy 
speakers,” J. Speech Lang. Hear. Res., vol. 62, no. 10, pp. 3655–3666, 2019. doi:10.1044/2019_JSLHR-S-19-0048 

[71] V. Iliadou et al., “Bi-syllabic, Modern Greek word lists for use in word recognition tests,” Int. J. Audio., vol. 45, no. 2, 
pp. 74–82, 2006. doi: 10.1080/14992020500376529 

[72] S. P. Yadav, S. Zaidi, A. Mishra, and V. Yadav, “Survey on machine learning in speech emotion recognition and vision 
systems using a recurrent neural network (RNN),” Arch. Comput. Methods Eng., vol. 29, no. 3, pp. 1753–1770, 2022. doi: 
10.1007/s11831-021-09647-x 

[73] M. K. Singh et al., “Improving Speech Quality Using Deep Neural Network-Based Manipulation of Cepstral Excitation,” 
in Recent Developments in Electronics and Communication Systems, IOS Press, pp. 340–346, 2023. doi: 
10.3233/ATDE221279 

[74] K. Richardson, J. E. Sussman, E. T. Stathopoulos, and J. E. Huber, “The effect of increased vocal intensity on 
interarticulator timing in speakers with Parkinson's disease: A preliminary analysis,” J. Commun. Disord., vol. 52, pp. 44–
64, 2014. doi: 10.1016/j.jcomdis.2014.09.004 

[75] O. Amir, M. Engel, E. Shabtai, and N. Amir, “Identification of children’s gender and age by listeners,” J. Voice, vol. 26, 
no. 3, pp. 313–321, 2012. doi: 10.1016/j.jvoice.2011.06.001 

[76] C. F. Stewart, I. Kling, and A. D’Agosto, “Modal register, vocal fry, and uptalk: Identification and perceptual judgments 
of inexperienced listeners,” J. Voice, 2024. doi: 10.1016/j.jvoice.2024.02.028 

[77] R. Toppo, and S. Sinha, “The acoustics of gender in Indian English: Toward forensic profiling in a multilingual context,” 
J. Voice, 2023. doi: 10.1016/j.jvoice.2023.07.030 

https://doi.org/10.1038/s41598-020-79922-7
https://doi.org/10.1038/s41598-020-79922-7
https://doi.org/10.1523/JNEUROSCI.2742-09.2010
https://doi.org/10.1177/1747021819865833
https://doi.org/10.1007/s11831-020-09414-4
https://doi.org/10.1371/journal.pone.0250214
https://doi.org/10.1121/1.3676603
https://doi.org/10.1044/2019_JSLHR-S-19-0048
https://doi.org/10.1080/14992020500376529
https://doi.org/10.1007/s11831-021-09647-x
https://doi.org/10.3233/ATDE221279
https://doi.org/10.1016/j.jcomdis.2014.09.004
https://doi.org/10.1016/j.jvoice.2011.06.001
https://doi.org/10.1016/j.jvoice.2024.02.028
https://doi.org/10.1016/j.jvoice.2023.07.030

