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Yeni iletisim ortamlar1 hiz ve yayin siiregleri agisindan yazili basina gore ¢ok daha avantajli
oldugundan, akademik yayinciligin gelecegi, Internet gibi yeni iletisim ortamlar1 etrafinda
sekillenmeye  baslamistir.  Makaleler  dergilerin  basili  versiyonlarindan  once
yayinlanabilmektedir. AJIT-e de iletisim ve bilisim alanina ilgi duyan arastirmalar icin bir
kaynak ve yayin ortami saglamak amaciyla 2010 yilinda yayin hayatina baglamistir.

AJIT-e, uluslararasi hakemli bir dergidir. Tiirk¢e ve Ingilizce, iki dilde yilda dort say1
yayinlanir. AJIT-e yayin alanlar1 arasinda baslica su konular yer alir:

Yeni Medya ve Iletisim Bilimleri, Teknoloji, Adli Bilisim, Belge ve Kayit Yonetimi, Bilgi Giivenligi,
Bilgi Yénetimi, Bilisim Etigi, Bilisim Hukuku, Dagitik Bilisim Sistemleri, E-Ogrenme, E-Doniisiim,
E-Devlet, E-Pazarlama, E-Reklam, E-Scm, E-Yayimcilik, E-Yayincilik, E-Yonetim, Tip Bilisimi,
Karar Destek Sistemleri, Sayisal Eglence ve Oyun, Sayisal Hak Yonetimi, Sosyal Aglar, Tedarik
Zinciri Yonetimi, Telekomiinikasyon, Veri Madenciligi, Veritabanlari, Yapay Zekd, Yonetim Bilisim

Sistemleri

As new communication environments are much more advantageous than print media in
terms of speed and broadcast processes, the future of academic publishing has begun to take
shape around new communication environments such as the Internet. Articles can be
published long before the printed versions of journal. AJIT-e started publication in 2010 to
provide a resource and publication environment for research interested in the field of
communication and informatics.

AJIT-e is an international refereed journal. It is published four times a year in both
languages, in Turkish and English. AJIT-e publication areas include the following topics:
New Media and Communication Sciences, Technology, Computer Forensics, Document and Records
Management, Information Security, Information Management, Information Ethics, Distributed
Information  Systems, E-Learning, E-Transformation, —E-Government, E-Marketing,  E-
Advertisement, E-Scm, E-Publishing, E-Management, Medical Informatics, Decision Support
Systems, Digital Entertainment and Gaming, Digital Rights Management, Social Networks, Supply
Chain Management, Telecommunications, Data Mining, Databases, Artificial Intelligence,
Management information systems

Prof. Dr. Ozhan TINGOY
Editor-in-Chief
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Algorithmic Nostalgia: How Machine Learning Curates Our Emotional

Connections to the Past

Bahtiyar Ahu Alpaslan, Yeditepe University, Faculty of Communication, Journalism, Asst. Prof.,
aerdogdu@yeditepe.edu.tr, "= 0000-0002-3296-3050

Ecemnur Delibalta, Yeditepe University, Faculty of Communication, Media and Communication
Management, M.A., ecemnurdelibalta@gmail.com, “=' 0009-0002-7506-0422

ABSTRACT In an era increasingly shaped by algorithmically curated media environments, nostalgia has
become a powerful emotional tool within digital platforms. This study investigates how
algorithmic recommendation systems on Instagram and Twitter facilitate the emergence of
nostalgia-themed content and influence users’ emotional engagement. The analysis explores
how brand-generated throwback posts, strategically crafted to evoke collective memory and
sentiment, intersect with user interaction patterns and algorithmic visibility mechanisms.

Using a qualitative digital ethnography approach, this research is based on non-intrusive
observation of selected public brand accounts on Instagram and Twitter. Content using
hashtags such as #TBT and #ThrowbackThursday was examined to understand how digital
nostalgia is amplified through algorithmic circulation. The findings reveal that algorithm-
driven promotion of nostalgic content not only enhances users’ emotional connectivity and
sense of community but also generates concerns about data visibility and user autonomy. Some
users were observed to later remove their engagements, suggesting a potential discomfort with
the visibility or implications of their digital interactions.

The study highlights that digital nostalgia—while fostering emotional continuity —can also
reinforce the complexities of personalization and data ethics in platform economies. By
focusing on the interplay between emotional experience and algorithmic mediation, the study
contributes to a deeper understanding of how affective engagement and concerns over data

privacy co-evolve in contemporary digital culture.

Keywords . Algorithmic Recommendations, Digital Nostalgia, Machine Learning, Media,
Communication

Algoritmik Nostalji: Makine Ogreniminin Ge¢misle Duygusal
Baglantilarimizi Sekillendirme Yontemleri
0z - . . o o
Algoritmik olarak sekillenen medya ortamlarimn giderek etkisini artirdi§r giiniimiizde,
nostalji dijital platformlar icinde giiclii bir duygusal arac hiline gelmistir. Bu ¢alisma,
Instagram ve Tuwitter'daki algoritmik oneri sistemlerinin nostalji temalr iceriklerin
olusumunu nasil kolaylastirdigini ve kullanicilarin duygusal katilimini nasil etkiledigini
incelemektedir. Marka hesaplar: tarafindan paylasilan gecmise doniik iceriklerin, kolektif

bellegi harekete gecirecek bicimde nasil kurgulandig1 ve algoritmalar araciligryla goriiniirliik
kazandig1 analiz edilmistir.

This article is licensed by Attribution-ShareAlike 4.0 Teorik Makale / Theoretical Article

International (CC BY-SA 4.0). Plll)bzizshlizlfgc?)‘;(:f ;?éégggg
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Calisma, nitel dijital etnografi yontemiyle yiiriitiilmiis; Instagram ve Twitter'da secilen halka
actk marka hesaplart iizerinde miidahalesiz gozlem yapilmistir. Ozellikle #TBT ve
#ThrowbackThursday etiketleriyle paylagilan icerikler incelenerek dijital nostaljinin
algoritmalar yoluyla nasil yeniden iiretildigi deSerlendirilmistir. Bulgular, algoritmalarin
nostalji temali igerikleri éne ¢ikararak kullanicilarin duygusal baglarini ve topluluk hissini
gliclendirdigini, ancak aymi zamanda veri goriiniirliigii ve kullanict 6zerkligi konularinda
endigeleri de artirdigimi ortaya koymaktadir. Bazi kullamcilarin iceriklerle kurduklar:
etkilesimleri sonradan kaldirdiklar: gozlemlenmis, bu durum dijital etkilesimlerinin yarattig
goriiniirliik ya da sonuglara dair bir rahatsizlik hissine isaret etmektedir.

Sonuc olarak, dijital nostaljinin duygusal siirekliligi tesvik ettigi kadar, kisisellestirme ve veri
etigi meselelerini de pekistirdigi goriilmektedir. Bu ¢alisma, duygusal deneyimle algoritmik
arabuluculuk arasindaki iliskiyi ele alarak, dijital kiiltiirde duygusal baghlik ve veri
mahremiyetine dair endigelerin birlikte nasil sekillendigine dair derinlemesine bir anlayig

sunmay: amaglamaktadir.

Anahtar . Algoritmik Oneriler, Dijital Nostalji, Makine Ogrenmesi, Medya, iletisim
Kelimeler
INTRODUCTION

In today’s algorithmically mediated media landscape, nostalgia has become a strategic
and emotional device embedded within digital content flows. Rather than existing merely as
a sentimental longing for the past, digital nostalgia now plays an active role in how users
engage with social platforms, reinforcing emotional ties and personal narratives through
curated experiences. Content that recalls past decades, cultural moments, or personal
memories is not only widely consumed but is often algorithmically elevated due to its high

engagement potential.

This study focuses on the intersection of nostalgic effect, algorithmic visibility, and user
interaction within Instagram and Twitter. Both platforms have established mechanisms such
as memory prompts or throwback hashtags that routinely bring past content back into
circulation. Through machine-learning-driven personalization, these platforms do not simply
surface content from the past but actively frame and filter what kind of memories are worth

re-experiencing.

Building on Sedikides and Wildschut's (2018) conceptualization of nostalgia as a self-
regulatory psychological resource, and Van Dijck’s (2013) critique of datafication, this study
approaches digital nostalgia as both a personalized emotional affordance and a socio-technical
strategy. It explores how recommender systems contribute to memory-making in digital
contexts, and how emotional resonance and data privacy anxieties co-evolve within these

processes.

By observing public brand accounts on Instagram and Twitter, this research
investigates how algorithmically circulated nostalgic content not only elicits emotional

responses but also reveals users’ shifting awareness of data control and content visibility. In
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doing so, it contributes to broader discussions on affective infrastructures, platform logics, and

the ethics of emotional engagement in digital media.
1. CONCEPTUAL FRAMEWORK

This study draws on existing theories of nostalgia, affect, datafication, and algorithmic
culture to explain how digital platforms shape emotional engagement through curated
memory experiences. In particular, it situates digital nostalgia as both a psychological process
and a socio-technical construct, where algorithms do not merely reflect user preferences but

actively shape memory consumption through personalization.

From a psychological perspective, nostalgia is understood as a self-regulatory
emotional resource that fosters continuity, belonging, and emotional resilience (Sedikides &
Wildschut, 2018). This form of affective recall becomes especially significant when it is
mediated by algorithmic systems that personalize content to resonate with users 'emotional
histories. Digital platforms such as Instagram and Twitter operationalize nostalgia through
repeated exposure to past-themed content, often under hashtags like #TBT or “Throwback

Thursday,” which serve as structured prompts for emotional recall.

Sociologically, nostalgia is not only a personal sentiment but also a shared cultural
phenomenon. As Davis (1979) notes, nostalgia often functions collectively, reactivating shared
identities through symbols and narratives. In algorithmically managed platforms, these
collective moments are encoded and re-surfaced through engagement metrics and
recommender systems. Van Dijck’s (2013) framework of datafication helps to explain how user
memories are transformed into data points—engagement histories, visual preferences, and

interaction patterns—that then feed back into algorithmic logics.

Furthermore, recent studies on platform governance and recommender systems show
that nostalgic content is not neutral. Leong et al. (2019) and Milligan (2020) argue that nostalgia
cues are strategically employed by platforms to boost emotional retention and extend user
attention. This strategic use of nostalgia raises ethical concerns regarding data agency,

transparency, and the emotional manipulation of users.

Thus, this study conceptualizes digital nostalgia as an algorithmically modulated
emotional experience, shaped by user data, curated by platform infrastructures, and circulated
through collective engagement. The framework integrates perspectives from communication
studies, digital media theory, and emotional psychology to better understand how digital
nostalgia both sustains emotional connection and invites critical reflection on algorithmic

influence and data ethics.
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2. METHODOLOGY

This study adopted a qualitative digital ethnography approach to explore how
algorithmic recommendation systems on social media platforms contribute to the formation
and circulation of nostalgia-oriented content. This method was chosen for its ability to deeply
contextualize and interpret user-platform interactions within algorithmically shaped digital

environments (Pink et al., 2016).

The research focused on Instagram and Twitter, two high-traffic platforms that actively
use algorithmic recommendation engines and regularly surface memory-based prompts. A
purposive sampling strategy was applied to identify brand-generated content that reflected

nostalgic themes, particularly posts using hashtags such as #IBT and #ThrowbackThursday.

In addition to content sampling, two public brand accounts was selected for close
observation. These accounts were chosen based on their engagement with retro-themed
content, either by posting historically framed brand imagery or by participating in memory-

based interaction patterns.

Data were collected through non-intrusive observation of publicly accessible brand
accounts. During this process, nostalgic content, interaction metrics, and algorithmic prompts

were monitored and documented. The observed data categories included:
e Captions and titles referencing specific timeframes
e User engagement behaviors (likes, shares, comments, mentions)

¢ Platform-generated algorithmic signals (e.g., resurfaced content or “Suggested for you”

sections)

These observations highlighted how nostalgia-driven content is shaped both by brand
strategy and algorithmic visibility. Rather than emerging purely from user activity, nostalgic
narratives were found to be amplified through the platforms 'curation systems, reinforcing

emotional and temporal continuity within user experiences.

Data analysis followed an interpretive communication research framework, using

iterative thematic coding to identify three core analytical dimensions:

e Emotional Resonance

Nostalgic posts frequently used time-based references and cultural imagery to elicit

emotional responses, such as longing, joy, or reflection.

B T



https://doi.org/10.5824/ajite.2025.03.001.x
https://doi.org/10.5824/ajite.2025.03.001.x

A Algorithmic Nostalgia: How Machine Learning Curates Our Emotional Connections to the Past
Bahtiyar Ahu Alpaslan, Ecemnur Delibalta

e Interactive Participation

Users actively engaged with nostalgic content by liking, commenting, or sharing,
especially during recurring digital rituals such as #IBT. These actions contributed to

the co-construction of communal digital memory.

e Privacy Awareness and Content Removal

Although no direct interviews or comments were recorded, it was observed that some
users removed their prior interactions such as comments or tags on nostalgic brand
content. This behavior, while not explicitly explained, may reflect concerns around

data visibility, personal exposure, or platform surveillance.

To ensure analytical reliability, two independent reviewers conducted parallel coding
of the observational data. Through iterative discussion and cross-checking, consensus was

reached on all thematic classifications, enhancing the credibility of the findings.
3. WHAT IS DIGITAL NOSTALGIA?

Where a new generation is concerned, the term "digital nostalgia" quite literally
describes the resurfacing of memories, images, or events from the past through technology
and digital media. Digital platforms are able to reconnect people more emotionally to their
past because they are sources of content that remind users of their past. It may be some old
photographs, old catchy songs, or anything else that comes under the definition of cultural
elements associated with any definite era-in that respect, the nostalgic trend is a tool to

facilitate remembering individually and collectively.

Boym (2001, p. 16) comments, While defining nostalgia as that sense of an individual's
longing for the past, in the digital age, this gets reconfigured, especially through social media
and content platforms. Grainge (2002, p. 54) refers to "the capacity of digital media to refigure
nostalgia, to mobilize user feeling about the past. Digital nostalgia is a way for people to attach
themselves to the past by means of access and the sharing of certain periods on those very

platforms.

While digital nostalgia enables people to reattach themselves to their past, the very fact
that this contact is made through digital platforms also reveals the other side of nostalgia-that
one related to the effects on consumer behavior. Niemeyer (2014, p. 83-94) discusses “digital
nostalgia in practice within marketing activities and mentions that it is efficient in enhancing

emotional and social bonds”.
4. WHAT IS ALGORITHMIC PERSONALIZATION?

It basically refers to the process through which digital platforms and applications use

user information to deliver tailored content or services that match the needs, preferences, and
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behaviors of every individual user. In the context of technologies such as big data, artificial
intelligence, and machine learning, this topic has become increasingly relevant. Algorithmic
personalization refers to a technique to personalize streams of content or recommendation
systems by considering the interests, habits, and characteristics of users (Smith, 2019, p. 45 &
Chen, 2020, p. 112)

These systems monitor the interaction made by users to predict the user preferences in
order to view, read, or to buy something. For instance, social network sites rank what the user
has engaged with in anticipation of what he or she might find most relevant to their interests.
More precisely, the process is algorithmic, and it personalizes user experiences of content

according to Gillespie (2014, p. 67).

The key goal of algorithmic personalization is increasing users' satisfaction and
exposure to digital platforms. Recommendation algorithms of different content to individual
users fuel other major digital platforms, like Instagram, Twitter, YouTube or Netflix. Quite a
great deal of work is done with regard to how these recommendation systems truly work (Van
Dijck, 2013, p. 112, Pariser, 2011, p. 45). Precisely, as the Filter Bubble theory explained by Eli
Pariser states, algorithmic personalization will expose the users to specific content only that
may foster particular biases and narrow-mindedness in acquiring information(ibid, 2011, p.
45).

4.1. Algorithmic Recommender Systems and User Experience

The algorithmic recommendation systems relate to various sophisticated analytics
applied in the creation of personalized digital experiences where the user is targeted with
customized content. These systems compare users' past behavior and interaction and identify
which content may be of interest to the user. Netflix and Spotify classify and suggest content
to their users according to the history of viewed or listened items. Such recommendations not
only increase the time spent by users on the platform but also enhance users' satisfaction and
loyalty (Davidson, 2010, p. 213, Gomez-Uribe & Hunt, 2016, p. 47).

Especially, content recommendations regarding the past drive the nostalgic feelings in
the user. This is where algorithms trigger positive emotional responses by recommending
content related to popular songs during one's childhood, old series, or even any key event.
While doing so, it personalizes them with memories of the past rather well, which increases
the dwell time spent on the platform even more. It learns about users' preference through
algorithmic recommendations but also shows responses to their emotional needs, as expressed
in Kaplan & Haenlein, 2019, p. 17, Chaney, Stewart & Engelhardt, 2018, p. 245).

Nostalgic Content and Algorithmic Recommendations Social networks, digital media,

and video streaming services come up with special days for content creation as a way of
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retaining users on the platforms. The algorithms on those platforms study the tendencies of
users that have content that provides a retro flair and then promote content related to music,
movies, or cultural events that were really popular during the user's childhood years. For
example, the social media platforms develop the nostalgic-themed posts, like #TBT (The
"Throwback Thursday" (TBT) trend gained popularity on Instagram around 2011, where
users began sharing nostalgic content using the hashtag #TBT. As the trend evolved, social
media algorithms actively promoted throwback content, reinforcing nostalgia-driven
engagement loops (Leong et al., 2019; Milligan, 2020). This phenomenon exemplifies how
digital nostalgia is systematically engineered, shaping user engagement through Al-driven
personalization (van Dijck, 2013).) and contents from specific historic periods that gain the
attention of the users so as to enhance user interest in the nostalgic contents. The content
improves the user experience on sites through the attainment of emotional satisfaction, as
indicated by Rosenbaum & Wong, (2015, p. 2346), Fairclough (2018, p. 30).

To better understand how algorithmic recommender systems operate and their role in
curating nostalgic content, it is essential to explore the mechanisms behind different

recommendation techniques used in digital platforms.

Algorithmic recommender systems operate through various techniques that detect user behavior

to provide personalized content. These techniques include:

Content-Based Filtering: This approach suggests content based on a user’s past
interactions. It relies on analyzing similarities between consumed and recommended
content (Ricci et al., 2015).

Collaborative Filtering: This method predicts user preferences by analyzing the
behavior of similar users. It is widely used in streaming services like Netflix and
Spotify to enhance engagement through nostalgia-driven recommendations (Gomez-
Uribe & Hunt, 2016).

Hybrid Recommendation Systems: Combining both content-based and collaborative
filtering, these models aim to improve recommendation accuracy (Davidson et al.,
2010).

Deep Learning-Based Models: Advanced Al-driven algorithms that refine
recommendations by continuously learning from user interactions (Zhang & Chen,
2020).

The way algorithms deliver nostalgic content is based on analyzing user interaction

data and behavioral patterns over time.
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Recommendation systems use multiple data points to determine which nostalgic content should

be shown to a user. These data points include:

e User Interaction Data: Algorithms track watch history, likes, and engagement to

recommend past content (Milligan, 2020).

e Demographic Insights: Platforms shows user age and generational preferences to

provide relevant nostalgic material (Sedikides & Wildschut, 2018).

¢ Temporal Trends: Some platforms prioritize nostalgic content during key events, such

as anniversaries or seasonal periods (Grainge, 2002).

To illustrate the recommendation process, the following flowchart outlines how digital platforms

generate personalized nostalgic content suggestions.
Step 1: User engagement data is collected (watch history, likes, shares).
Step 2: The algorithm processes data and categorizes user preferences.
Step 3: Personalized nostalgic content is recommended based on analysis.
Step 4: User interactions update the recommendation system for future accuracy.

However, the video streaming sites have also managed to develop various ways of
offering nostalgic content to their users. For instance, Netflix tries to revive the viewer's
interests in the past to include their childhood cartoons and television series by categorizing
them under "Classics." The mere highlighting of such stuff results in users automatically
spending more time on the platform and creating some emotional bond with it. More
specifically, on Instagram and other social networks, such engagers make this content even
catchier with their instant sharings that call others to take part either virtually or face-to-face.
More precisely, #TBT calls its consumers to engage in an act of mutual participation through
refreshing memories of times gone by, thus being closely and emotionally connected with

users sheltered under a common hashtag.

In this respect, nostalgic content represents one of the most efficient means by which
platforms can satiate users' emotional needs and increase loyalty towards them, according to
Sedikides, Wildschut, & Baden (2004, p. 308) and Belk (1990, p. 670). By the content, users are
able to feel connected with their past while digital platforms can create a more holistic user

experience.
4.2. Algorithmic Personalization and Privacy Concerns

In the present information age, the chance to receive and the range of information is

developing more and more. It interests them in how information is treated and then again
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represented to the user in personalized forms. While algorithmic personalization definitely
offers a lot of advantages from the point of view of digital platforms and applications, it has
brought on varied concerns about data privacy on the part of users. This regular monitoring
and analysis of users' behaviors raise an ethical debate at the very core of privacy violation of
individuals. This is a problem that many works focused their attention on: the security of data
collected in the process of personalization and the threat of its sharing with third parties.
Among the many works are the works of Zuboff (2019, p. 45), Bucher (2018, p. 89).

In this respect, algorithmic personalization came to the fore as a system that, while

improving the user experience in the digital world, was also threatening the privacy of users.
4.3.Data Privacy and Trust

While the potential of nostalgic content recommendations in building emotive
connections on digital platforms, it raises a number of issues regarding data privacy and trust.
In reality, personalized recommendations on digital platforms are based on various data
regarding past user interactions, analyses of past content consumption, and interests.
However, users' interest in such personalized content recommendations also raise questions
about the extent and manner of their data usage (Zuboff, 2019, p. 78, Acquisti, 2004, p. 45).
They are scared that, as consumers in such retro-memoir content delivery, their private

information might be violated during processing.

Accordingly, following the famous hierarchy of needs by Maslow, basic needs for
survival and participation in society, which are claimed by social scientists today, embrace
psychological safety, one of the important needs to self-actualization, as creating a successful

performance in all spheres of life, including personal, educational, and professional life.

Psychological safety describes the conditions under which people feel able to take the
interpersonal risks of expressing their opinions, concerns, and ideas, and providing feedback-
all without fear of negative consequences or needing to soften difficult truths. It is the culture
that fosters the generation of ideas from all individuals without the fear of judgment or
confrontation. In this kind of environment, for example, people can express their opinions
against ideas, including those of the management, where they feel things are not working right
and should be improved. It also encourages individuals to confess to their errors, express

vulnerability, and address authority candidly with regard (McKinsey, November 2024).

Users' data privacy concerns against the tide of nostalgic content usually fall under

three major points:

1.Data Processing of Personal Information and Ethical Issues: While processing data in
order to provide personalized content, algorithmic recommendation systems have to
monitor users' behaviour constantly. Data gathered in this process gives not just the

history of individuals' viewing but also their emotional tendencies. Particular
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recommendations based on nostalgic content demonstrate users based on their
emotional tendencies, which again raises ethical issues with regard to users' privacy.
That raises concerns that personal data cannot only be used for commercial purposes

but also for emotional manipulation (Nissenbaum, 2010, p. 78, Tufekci, 2014, p. 56).

2.Lack of Data Privacy and Algorithmic Transparency: Most users do not have enough
information about how algorithms work and what data is collected. This lack of
transparency undermines user trust, especially in user data-driven services such as
social media platforms. Without transparency about the decision-making processes of
algorithms, users have difficulty understanding the potential risks to their personal

data. This increases data privacy concerns (Pasquale, 2015, p. 112).

3. Data Security and Third Party Sharing: The digital platforms can sell or share the
collected user data with third parties. Due to the uprising of popular nostalgic content
its related data requirements are growing and so do the concerned questions on the
security of user data, access to this data by third party companies opens up possibilities
of misuse of the credentials of users and increasing risks of data security (Acquisti 2004,
p- 35).

While such nostalgic content might come at the price of personalization of the user's
experience, the privacy and security of the data on which such a process relies surely raises
very important ethical issues. More precisely, uncertainty over the purposes for which and by
whom users' personal data will be stored and used decreases trust in digital platforms. In this
context, concerns about the privacy of data obtained through nostalgic content should be
discussed more in the field of digital media ethics and legal regulations to protect users' rights
should be considered (Zuboff, 2019, p. 102, Nissenbaum, 2010, p. 79).

4.4.Techniques of Emotional Bonding

Storytelling is among the most ancient strategies that humans have ever developed for
the purpose of communication. Beyond the development of organizational culture, stories can
enable people to connect with each other, create a unique perspective, and rally together on
common goals (Fisher 1984, p. 8, Guber, 2011, p. 43). Digital platforms offer the user the
opportunity to tell their story to their audience with every single piece of content created.
While opening the doors to a new world of communication for the following audiences in this
digital world that is going to be created with this content, it starts to create an emotional bond
with the audience who follows the systematic content sharing over time. The bond that then
emerged allowed the platforms to invent new influencers with a developing audience of their
own, and for influencers to act as a bridge between them and the brands themselves, creating
an organic system through which the recommendation mechanisms result in sales. Matching

user data obtained from here with the right creators and followers is the algorithmic
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mechanism which digital platforms are working on most intensively. The identification of
users' past posts, interests in nostalgic contents, and creating an opportunity for them to make
new stories is one of the newest and trendiest ways of creating emotional bonding with the
users via digital platforms. The most obvious example of the user decisions taken with the use

of the emotional brain can be found within the developing circle based on reliability.

In this situation , it is also useful to mention nostalgia and personalization. This,
combined with personalized content, makes the longing for the past with nostalgic content
even more effective. Algorithms used on digital platforms offer customized nostalgic content
based on the individual's previous preferences and past interests. It is this content that evokes
the past memories of the user hereby creating personalized experiences, and thus stronger
emotional bonds, as suggested by Holbrook 1993, p. 252; Sedikides et al., 2008, p. 306.
Algorithms can shows users' digital history and flash up, for them, the most pop music,
photos, or content from a specific era; this makes individuals' ties to the past more tangible,
deepening their experiences (Tufekci, 2014, p. 33).

“Nostalgic feeling has the ability to revive people's memories and fill them with
positive feelings. More precisely, finding the content in an emotional response within an
individual's memories has made users more interested in social media platforms and spending
more time on interacting with these platforms as stated by Davis (1979, p. 422)”. With this
context, the algorithm-provided nostalgic content keeps the sense of being "special" and leads

to emotional satisfaction in the digital environment.
4.5.Interaction and Engagement

Nostalgia-themed content functions as a powerful driver of user engagement on social
media platforms. As Boym (2001) emphasizes, nostalgic narratives allow individuals to re-
establish emotional connections with the past, satisfying a desire for continuity, identity, and
emotional grounding. Social media platforms, particularly Instagram and Twitter, harness this
affective appeal through algorithmic mechanisms that promote emotionally resonant content,

thereby sustaining user attention and interaction.

Research suggests that nostalgic posts generate higher engagement rates—measured
by likes, comments, and shares—than non-nostalgic content (Bolton et al., 2013, p. 249). This
engagement is amplified when users participate in platform-specific rituals such as
Instagram’s “Throwback Thursday” (#TBT) or nostalgic hashtag chains on Twitter. These
practices encourage users to revisit and share their own past, while also engaging with others’
memories through responses, retweets, and quote tweets, transforming personal nostalgia into

a social and interactive experience.

In both platforms, nostalgia operates as a feedback loop. On Instagram, the visual
nature of the platform facilitates emotional immersion through filtered aesthetics and dated

imagery. On Twitter, textual memory fragments often accompanied by hashtags or cultural
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references allow for real-time interaction and discursive participation. In both cases,
engagement is not only emotional but algorithmically rewarded—visible in increased

visibility, trending tags, and prolonged screen time.

This interplay between user interaction and algorithmic amplification illustrates how
engagement is not merely reactive, but shaped through strategic platform design. Nostalgic
content thereby becomes a vector for emotional expression, community-building, and data
generation —demonstrating how affective and algorithmic logics are deeply intertwined in

digital participation.
4.6.Data Privacy and Ethical Debates

Today, it is pivotal that technological advancements and the problems and issues
arising from those very opportunities have come under debate. In this realm, one of the major
issues is related to the security of personal information regarding every individual on the face
of this earth. Websites, internet search engines, and social media applications have been used
widely in modern digital life and periodically capture their users' personal data. Such
situations may bring great risks with respect to data security. These services also enable users
to be better informed on matters of personal data security, one's 'digital footprint', principles
of ethics in the digital world, the advantages and disadvantages of using digital platforms, and

of their contribution to making the digital ecosystem more secure and sustainable.

“Although personal data is a concept that has existed throughout human history, it has
gained more importance today, especially with the developments in the fields of law and
technology (Koksalan, 2022, p. 15)”. The first official document on the concept of personal data
was published by the Organization for Economic Cooperation and Development (OECD) on
23 September 1980 (OECD, 1980, p. 12). It gives the guiding principle on how personal data

breaches can be avoided, including how security of information flow could be regulated.

Examples are personally identifiable information such as email addresses, social
media, and online shopping activities; clinical information captured and retained within
health systems; and information on financial transactions. While Article 6 of Law No. 6698 on
the Protection of Personal Data defines personal data as "data relating to race, ethnic origin,
political opinion, philosophical belief, religion, sect or other beliefs, dress, membership of
associations, foundations or trade unions, health, sexual life, criminal convictions and security
measures, and biometric and genetic data" (Official Gazette, 2016). Therefore, this definition
has led to the legal construction that any information which identifies a person will be

considered as personal data.

Personal data security is significantly vulnerable, especially in the digital context.
Security breaches in data are allowed when some malicious people or hackers get
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unauthorized access to systems and reach personal data. For example, the outcome of a cyber-
attack on any database may result in theft, disclosure, or alteration of users' personal
information. Commonly, these types of breaches have brought into danger very important

information like financial information, health records, or social security.

Another severe threat to data security in a digital environment is malware. These
malicious types of software can infiltrate users' computers and access their personal data for
malicious processing. This type of software operates very often in forms that are not even
noticed and realized by users. It creates dangers regarding the tracking, stealing, and

manipulation of data.

Another type of threat is phishing attacks. With this attack method, “malicious people
aim to obtain personal information by misleading users with fake websites, emails or messages
(Scott, 2019, p. 38, Tchakounté et al., 2020, p. 95)”. For example, users may be directed to a fake
website and tricked into entering their bank account details. Such attacks can lead to the

disclosure of personal data and exposure to fraud.

Finally, the other type of threat for personal data security is social engineering. In this
attack method, “there would be plans to access personal data by manipulating individuals.
Methods involving phone scams, on-site information requests, or misdirection capture
people's information (Akga, 2016, p. 59)”. The attackers would try to do this through

psychological manipulations, distorted tales, and ways of gaining the trust of an individual.

With the rise in such threats, awareness of personal data security becomes an urgent
need so that precautionary measures can be taken for security in the digital environment. The
use of user data is also of particular importance in the context of data privacy and ethical
debates.

Algorithms indicate users' personal data to create nostalgic content and emotional
connection. In this process, algorithms collect and betray a wide range of data sets such as the
user's browsing history, likes, shares and even location information. This data is used to
provide customized content recommendations to the user, aiming to create a deeper
connection with the user (Zuboff, 2015, p. 197). Yet, processing of such personal data by
algorithms for making recommendations is susceptible to cross the boundaries of data privacy.
More importantly, offering retro/nostalgic content specifically entails collecting and storing
data on the user's pasts, perceived by many as an act against digital privacy per se (van Dijck
2014, p. 75). Adding to this, the fact that the users are not informed about what data is being
collected and for what purpose enhances these ethical concerns (Tufekci, 2014, p. 153).

Algorithms demonstrate users' personal data to create nostalgic content and emotional
connection. In this process, algorithms collect and indicate a wide range of data sets such as
the user's browsing history, likes, shares and even location information. This data is used to

provide customized content recommendations to the user, aiming to create a deeper
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connection with the user (Zuboff, 2015, p. 197). Yet, processing of such personal data by
algorithms for making recommendations is susceptible to cross the boundaries of data privacy.
More importantly, offering retro/nostalgic content specifically entails collecting and storing
data on the user's pasts, perceived by many as an act against digital privacy per se (van Dijck
2014, p. 75). Adding to this, the fact that the users are not informed about what data is being
collected and for what purpose enhances these ethical concerns (Tufekci, 2014, p. 153). User

trust is at the forefront of these ethical concerns.

Whether or not users are aware of how their data is being processed while being
connected to nostalgic content has a significant negative impact on user trust. “Social media
and digital platforms may not inform users about this process when collecting personal data
through algorithms. This can undermine users' trust in data privacy and undermine their trust
in the platforms” (Acquisti, Brandimarte, & Loewenstein, 2015, p. 510). It follows from studies
that in the case of users perceiving a violation of their privacy, their engagement and loyalty
for the digital platforms goes down. “The lack of privacy in the digital environment makes the
user feel less "safe" and more reluctant to disclose data (Nissenbaum, 2010, p. 77)”. In this
respect, “ethical issues concerning the protection of privacy influence users' confidence in the
platform (Solove, 2008, p. 121)”.

5. DISCUSSION AND PARTICIPATION

Nostalgic content has proved a most effective instrument in the creation of user
engagement on social media platforms. Boym (2001) says nostalgic actions enable the user to
re-activate affectively dense moments in the face of a requirement for individual and collective
memory (p. 49). Algorithms on social media platform websites have actively incorporated the
affective proclivity by algorithmically showcasing content in a way designed to bring about

emotional resonance and thus increase user engagement.

Experiments verify the perception that nostalgically involving material will more
willingly be passed on, endorsed, annotated and hence algorithmically appealing (Bolton et
al.,, 2013, p. 249). The “Throwback Thursday” custom on Instagram is the ideal exemplar of the
dynamic: it turns individual reminiscence into a formalised weekly interactivity ritual. With
the reanimation of archived content and the user’s inclusion in a group construct of time, the
platform enhances interaction levels as well as rebrand itself as a digital repository for

reminiscences.

This repeated interaction enables lasting emotional linkage among platform users and
platforms. Referencing Zhang et al. (2019), emotional content reinforces content creation
through the validation of the presence of users and digital reminiscence (p. 4). Such

algorithmic growth hence aids platform development and individual expression.
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Most critically, nostalgic engagement is crafted and extended as opposed to organic or
neutral. Platforms utilize affect triggers in the quest towards extending user activity, platform
utilization, and user data production upon which the recommendations are channeled. Such
recursive logic undermines the co-construction of user engagement by algorithmic constructs
and affect practices and in the process raises critical questions regarding autonomy,

manipulation, and emotional labor operative in mundane digital practices.
5.1.Case Studies

To gain deeper insight into how nostalgia-themed content is surfaced and engaged
with on digital platforms, a focused case study approach was applied to selected examples
from the observed data. The purpose was to illustrate how algorithms and user interactions
together shape nostalgic experiences online. Below are two representative cases, one from each

platform.

Instagram and Twitter: Hashtag-Driven Nostalgia Loops

In order to consider how content by nostalgia circulates in and into attention on
algorithmic social media sites, a comparative case research design was conducted. Two model
cases were discovered in both Twitter and Instagram, based on a clear invoking on the broadly
felt “Throwback Thursday” (#TBT) custom. The cases both involve two different companies
beverages (Pepsi; reach date: 06.07.2025) and logistics (Maersk; reach date: 06.07.2025) turning
the attention towards an industry-crossover consideration on the manner in which nostalgic

imagery is employed in a conscious way towards audience engagement.

The data was gathered through a manual search for publicly released platform feeds
and hashtag archives from 2021 through 2023. All publicly released posts from brand accounts
officially authorized on the platform were included in accordance with ethics rules for
gathering digital data. The lone selective filter was overt discussion of nostalgia in the content,
adoption of the #TBT hashtag, and clear indicators of algorithmic amplification (e.g., presence

in “Explore” modules, large engagement numbers, or indicators of virality).

The analysis was undertaken through close reading of the visual and written content
in each platform, platform-specific engagement indicators (shares, likes, comments), and the

contextual placement of the content within the broader trends in hashtags. From this vantage
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point, the research aims at revealing the manner in which algorithmic logics and user practices

both construct and solidify digital loops of nostalgia on the various platforms.

Figure 1: Pepsi Official Twitter Account Figure 2: Maersk Official Instagram Account
- bt () e

Showing some love on #ThrowbackThursday. <3 #TBT

Ginderiyi gevir

Instagram'da daha fazlasim gér

Nemel . TREY T N

085 9:36 - 12 Ara 2013 1.542 begenme
maersk_official

18 i 12 T
o © m = We are posting this #tbt in honour of the iconic #MaerskMcKinneyMoller which
celebrates two years of operational service this month! @maerskline #shipping
#TripleE #vessel #history
: : 58 yorumun tdmind gér
5.2.Findings ey .

The analysis of the user engagement and tweet analysis on Twitter and Instagram
shows the multifaceted interaction among participatory dynamics, algorithmic mediation, and
emotional engagement. On social media websites, the activity of nostalgia occurs in more
multifaceted manners than simple reminiscence but as a dynamic and active process where
the user responds affectively, socially engages, and critically negotiates the curating on content
tiltered by the platform. The results discussed in the next sections greatly elaborate the related

dynamics.

Emotional Engagement

Nostalgic content will necessarily yield robust affect reactions by re-activating both
individual memories as well as public-cultural histories in users. Affective resonance will
continually act on users to like, write about the content, or re-share the content by re-infusing
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in the affectual flow of the platform the affect of the past. The affective dimension is especially
dominant in the posts re-iteratively capturing the eye on the past through retro packaging
stands, aged photograph filter compositions, or universal temporal referents like “Throwback
Thursday.”

Participatory Interaction Participants engage in the nostalgia content through dozens
of various interaction manners commenting, tagging acquaintances, making the same
hashtags, and re-sharing on the stories or the feeds. Such activities help constitute the digital
group and the reciprocal recognition in the process making the nostalgia from the solitary
sentiment the common social practice. Memory caters the public performance through the
participatory dynamics co-authored by the users and stimulated through the engagement

measures by the platforms.

Algorithmic Knowledge and Ethic Issues

The increasing degree of user consciousness towards the practices of platform data and
algorithmic presentations of content adds a crucial layer to the nostalgistic effect. While there
is empathetic response on the emotional level towards user curation of content, there is more
discrimination on the level on which the algorithms themselves generate memory-driven
content. That note brings forth questions on the level of manipulation, surveillance, and
commodification of affect. Particularly the repetition in the popular nostalgistic hashtags such
as #TBT betrays the layer in which emotional memory is transmitted but systematized and

commodified by algorithmic means.
CONCLUSIONS AND RECOMMENDATIONS

This research has covered digital nostalgia from the perspective of a sociotechnical
phenomenon in the domain of algorithmic suggestion systems and emotional interaction
between consumers and memory-driven content. The findings from the research indicate
digital nostalgia on the web transcends a sentiment staring back and a data-driven and
mediated process by the platform's algorithmic logic. More significantly, recommender
systems by themselves are busy creating memory-driven content groupings based on

consumers' prior interactions and hence hold platform attachment and emotional attachment.

While customized nostalgic material according to the specific users 'digital footprints
allows communion with the past through algorithms, the personalized treatment itself creates
essential ethical unease. When increasingly many recognize how much material is collected
from them, operated on by them, and exploited in order to generate the content world within
which they participate, fear about privacy, observation, and unreadability by the algorithm
intensifies. The ostensibly smooth interweaving between affective reminiscence and data-
driven personalized material creates the two-fold effect the users are both critically disturbed

and emotively engaged.
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This tension reveals there is rising need for added algorithmic transparency in the area
of how content invested with memory is aggregated and distributed. Operators should offer
clear explanations regarding the procedures by which the personal data are being utilized in
distribution of content in manners making the user an active participant in digital culture and
not a passive recipient. More algorithmic transparency can facilitate confidence building,

prevent misinformation, and alleviate ethical risk by way of affect manipulation.

In addition, there needs to be more research into how digital nostalgia converges with
wider psychological and cultural dynamics especially within the contexts of identification
construction, consumerism, and digital well-being. There is also a pressing requirement for
the establishment of regulatory and ethical guidelines protecting user data in a way that does
not compromise the cultural and affective roles performed by nostalgic content. A lasting
digital media environment will bring together affective engagement and lasting ethical
responsibility. Platforms that recognize the affective aspect of algorithmic curation and
making commitments towards data openness and user agency will more likely gain

credibility, lasting usage, and positive digital interactions.
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ABSTRACT The accelerated adoption of mobile money systems has significantly increased fraudulent
activity, compromising their security and trustworthiness. This research presents an
enhanced method for detecting mobile money fraud by modifying a CNN-BiLSTM model with
momentum using Stochastic Gradient Descent (SGD). We computed salient features from
transaction data using a pre-processed hybrid CNN-BILSTM model and trained the model to
identify trends in the data that included geographical and temporal aspects. The model
performed remarkably using industry-standard testing approaches: an F1 score 0f0.9928,
precision of 0.9927, accuracy of 0.9928, and recall of 0.9929. The proposed model can identify
dishonesty and has a low false positive rate. According to the study, the model improves feature
selection and incorporates various optimization techniques, making it more flexible and
suitable for different mobile money systems.

Keywords . Fraud Detection, Machine Learning, Neural Networks, Stochastic Gradient Descent

CNN-BiLSTM ve Momentum ile Optimize Edilmis SGD Kullanilarak

Gelismis Mobil Para Dolandiricilig Tespiti
0z Mobil para sistemlerinin hizla benimsenmesi, dolandiricilik faaliyetlerinde dnemli bir artiga
yol acarak giivenliklerini ve itibarlarini tehlikeye atmgtir. Bu arastirma, Stokastik Gradyan
Inisi (SGD) kullanarak momentumla bir CNN-BIiLSTM modelini degistirerck mobil para
dolandiriciligint tespit etmek icin gelismis bir yontem sunmaktadir. Onceden islenmis bir
hibrit CNN-BIiLSTM modeli kullanarak islem verilerinden belirgin ozellikleri hesapladik ve
modeli cografi ve zamansal yonleri iceren verilerdeki egilimleri belirlemek iizere egittik. Model,
endiistri standard: test yaklagimlarimi kullanarak dikkat cekici bir performans gosterdi:
0.9928'lik bir F1 puani, 0.9927 luk bir hassasiyet, 0.9928 'lik bir dogruluk ve 0.9929°lik bir

geri cagirma. Onerilen model, sahtekdrhigi tespit edebilir ve diisiik bir yanhs pozitif oranina
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sahiptir. Calismaya gore, model Ozellik secimini iyilestirir ve gesitli optimizasyon tekniklerini

birlestirerek onu daha esnek ve farklt mobil para sistemleri icin uygun hale getirir.

Anahtar . Sahtecilik Tespiti, Makine Ogrenmesi, Sinir Aglari, Stokastik Gradyan inisi
Kelimeler

INTRODUCTION

Given the growing number of people using mobile banking, it becomes vital to identify
and stop fraud. Mobile money, which provides convenience and access to banking services
through mobile devices, has revolutionized financial transactions, especially in developing
nations. The quick expansion of mobile financial services has, however, also resulted in a sharp
rise in fraudulent activity, which puts users and service providers at great risk. Banks find it
more difficult to spot fraud with more mobile money companies. Unauthorized transactions,
identity theft, and social engineering attempts are common forms of fraud in mobile money
networks. Due to the high amount of transactions, changing fraud trends, and the unbalanced
structure of fraud datasets, where fraudulent cases are far less common than genuine ones,
these threats are challenging to identify. Therefor, it is both technically and practically
necessary to design reliable and effective fraud detection models. Complex fraud activities are
frequently too difficult to detect with traditional rule-based systems. The challenge of
traditional fraud detection systems in adjusting to different setups raises the probability of
thievery. The study must use fresh approaches if fraud detection is to overcome these
difficulties (El Kafhali & Tayebi, 2024: 1-25). This study presents a unique and more exact
approach based on robust deep learning algorithms and momentum-optimized stochastic
gradient descent (SGD) to detect mobile money fraud (Lokanan, 2023: 1-24). Combining the
most potent SGD model with momentum, Convolutional Neural Network (CNN), and the
Bidirectional Long Short-Term Memory (BiLSTM) model improves network performance and
creates a fraud detection tool (Agarwal et al.,, 2021: 2552-2560). The two most successful
machine learning methods are deep learning and efficient stochastic gradient descent (SGD
with momentum). This study presents a unique method using a momentum-optimal SGD and
CNN-BiLSTM architecture to identify mobile money offenders. Researchers inability to
successfully fight mobile money theft is their neglect of modern approaches such as CNN-
BiLSTM and upgraded SGD + Momentum algorithms (Igwesi, 2023). CNNs and BiLSTM
provide location information and study temporal correlations, thereby improving fraud
detection's speed, accuracy, and data management. Using state-of-the-art deep learning
methods, including CNN-BiLSTM structures and momentum SGD implementation, our study
aims to enhance the training process and help identify mobile money scams. In machine
learning, the SGD optimizer is one of the most straightforward and widely utilized
optimization algorithms, especially for applications like financial fraud detection (Yang et al.,
2023: 1-26). Our approach involves gathering a dataset and its documentation, standardizing

the number of columns, and maintaining the category data to ensure every attribute is
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regularly scaled (Botchey et al., 2021: 45-56). In this work, CNN-BiLSTM deep learning model
together with the Decision Tree Classifier is used to find the most essential characteristics for

fraud detection.
1. RELATED WORKS

With an emphasis on the application of Convolutional Neural Networks (CNN),
Bidirectional Long Short-Term Memory (BiLSTM), and the Stochastic Gradient Descent (SGD)
optimizer improved with momentum, this literature review examines recent developments in
mobile money fraud detection. The capacity of these algorithms to identify temporal and
spatial trends in transaction data has drawn a lot of attention, making them ideal for
identifying complex fraudulent activities. This review outlines the fundamental approaches,
points out gaps in the literature, and sugggests fresh lines of inquiry for future research with
the goal of enhancing detection accuracy and practical applicability through a methodical

analysis of previous works.

The paper aimed to make a system that can spot mobile money scams using deep-
learning tools. The RNN-based system did much better than the ANN and LSTM systems
separately by a significant amount. Bayesian methods were used to fine-tune the RNN model
(El Kafhali & Tayebi, 2024: 1-25).

(Botchey et al., 2021: 45-56) examines the issue of identifying fraudulent activity in
mobile money transactions, focusing on developing nations with increased financial inclusion.
The authors use synthetic minority oversampling and adaptive synthetic sampling, among

other sample techniques, to raise the models' performance.

Discussed in the paper is a fresh approach (Zhang et al., 2020: 25210-25220) presented
for better spotting fraud for customers who do not make regular transactions. The NM (Naive
Bayes-based Multi-behavior) model, which integrates transaction status, individual user
conduct, and group behaviour, significantly enhances detection accuracy. Despite occasional
recall shortcomings, the NM model outperforms competing models in accuracy and F1 score.
The model reduces the disturbance rate, preventing the incorrect classification of legitimate
transactions as fraudulent. Further research aims to improve the model's internet-based

updates.

Long short-term memory (LSTM) is employed in this study to create a deep learning
model for finding bad financial habits. This model has constantly shown excellent results in
forecast tasks over time. The model often does a better job than well-known machine learning
methods at finding cases of financial wrongdoing in large datasets. (Alghofaili & Rassam, 2020:
498-516).

According to (Almazroi & Ayub, 2023: 137188-137203), The RXT-] model uses

advanced machine learning algorithms to identify online payment fraud, overcoming
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challenges like imbalanced data and extensive models. It uses SMOTE, Ensemble

Autoencoder, and ResNet models for feature recovery and attribute extraction.

This project aims to build a network architecture to detect fraudulent online
transactions, especially those involving Zimbabwean institutions. It will do this by studying
expenditure trends hidden Markov model and deep neural network anomaly detection
(Mbunge et al., 2015: 2319-7064).

Mobile money transfer (MMT) services, controlled by carriers, are growing globally.
To combat money laundering, MMT systems should identify fake chains. A new method,
Predictive Security Analysis at Runtime (PSA@R), outperforms conventional detection
methods with 99.81% precision and 90.18% recall (Zhdanova et al., 2014: 11-20).

Researchers found that when there isn't enough training data, understanding what
people are saying may help mobile e-commerce systems make better predictions. This includes
help from experts, blacklists, and past dishonest behaviour. Data mining methods raise
memory and accuracy rates by taking risk variables out of transaction data (Sun et al., 2021: 1-
17).

This study will use the Kaggle IEEE-CIS dataset to test new deep-learning methods for
finding fraudulent scams. Using deep neural networks and attention methods to find wrong
classifications. It shows a CNN-Bi-LSTM-ATTENTION model about 95% of the time (Agarwal
et al., 2021: 2552-2560).

The detection of mobile money fraud has been the subject of numerous studies, few
have integrated CNN-BiLSTM architectures with momentum-optimized SGD. Although
traditional approaches continue to capturing the complete intricacy of transaction patterns.
Further study of hybrid deep learning models that can successfully handle the magnitude and

dynamic nature of mobile money fraud is obviously needed.

2. METHODOLOGY

The aim of this research is to enhance the detection of mobile money fraud with the
implementation of a momentum-based approach and CNN-BiLSTM. Data collection and
project success assessment are two critical components. The integration of CNN-BiLSTM with
momentum and SGD efficiency techniques can facilitate detection. The study uses an existing
dataset to develop a deep learning system for fraud detection. This dataset provided a realistic
basis for challenges involving fraud detection by simulating mobile money transfers.
Following data conversion and standardization, we used resampling to balance the classes in
order to address the significant disparity between fraud and non-fraud cases. The data was
divided into training and testing sets. Feature importance was assessed using a Decision Tree

to guide model design. We combined CNN and BiLSTM to create a hybrid deep learning
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model that can identify both short-term and long-term trends. A model's F1 score, accuracy,
recall, and ROC curve are frequently assessed by users to determine its ability to detect fraud
with minimal false positives. Figure 1 shows the conceptual framework of the designed for the

proposed work.
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Figure 1: The proposed Conceptual Framework

2.1. Data Collection

To identify mobile money fraud, the CNN-BILSTM model dataset was created using
the Paysim simulator found on the Kaggle dataset named Synthetic Financial Datasets for
Fraud Detection (Kaggle, 2023). The dataset includes columns with names such as sorts,
quantities, old balance, new balance, fraud, etc. The dataset has 6,362,620 rows and 11
columns, with 6354407 labelled as not fraudulent transaction (0) and 8213 labelled as a
fraudulent transaction (1). This dataset was used in the detection of mobile money fraud using
the CNN-BILSTM algorithm to improve security in mobile money transactions. It simulates
mobile money transactions in a unique way and incorporates fraudulent activity. This dateset
made it possible to create and assess sophisticated fraud detection models like CNN-BiLSTM
by offering a realistic depiction of financial transactions. The extensive structure of the dataset,
which included a vriety of transaction kinds and difficult features, allowed for in-depth testing
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and analysis of the suggested model. Utilizing this information, the study sought to develop
fraud detection and security techniques for mobile banking services. The dataset were chosen
because they offer a special combination of simulated fraudulent activities and real-world
financial transactions, making them the perfect setting for testing and training sophisticated
fraud detection models like CNN-BiLSTM.

2.2. Encoding Categorical

The Momentum SGD optimization and CNN-BiLSTM scam detection for mobile
money were enhanced through categorical column encoding, requiring sci-kit-learn
LabelEncoders to convert category data into numbers. The "type" section displays transaction
types like cash-in, cash-out, DEBIT, PAYMENT, or TRANSFER. "nameDest" and "nameOrig"
indicate trade sender and receiver. The 'fit_transform' function assigned a LabelEncoder object
to each category column, with a different number assigned to each group. Machine learning

techniques were employed to speed up data processing.
2.3.Standardize Numerical

Algorithms like CNN-BiLSTM and Momentum performed better against mobile
money frauds when using consistent number fields. For this, the study turned to the Scikit-
learn StandardScaler. By setting the mean to 0 and the standard deviation to 1, it is possible to
scale numerical data. When there was no bias, and each attribute had an equal probability of

progressing the model, the fraud detection approach performed better.
2.4. Dataset Balancing (Resample)

The research identifies mobile money theft using CNN-BiLSTM and Momentum-
optimized SGD. Due to a discrepancy in the datasets' classes, the SGD was adjusted. When
looking for solutions to societal issues, minorities are given top priority. The majority group is
more likely to be a member of both the legitimate and dishonest categories in the sample.
Consistently distributed phonetic samples may be obtained by resampling using Scikit-learn.

The algorithm can more easily detect unusual activity with an even collection.
2.5.K-Fold Cross Validation

Applying the K-Fold cross validation method with five folds brings up the most
accurate model evaluation. Stratified K-Fold was used for the class distribution of all folds to
be preserved. Each fold is used for both training and testing, but in the process, a different set
is achieved. Training data was used to train a CNN-BiLSTM model, and the model was then
improved using a modified SGD with the momentum method. The results of each fold were
collected to be later compared to the other folds and were used to measure the extent of the
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developed model’s new capabilities. This same procedure was repeated for the next five

origianl folds until the whole dataset was covered.
2.6. Training and Testing Set

CNN-BiLSTM is a model used to detect mobile money fraud by analyzing attributes
and behaviours. It is easily understandable and verifiable. The model uses Scikit-learn to train
and test the model., This method expands the applicability and stability of the model, enabling

the identification of scammers using mobile money.
2.7. Feature Importances (Decision Tree Classifier)

Decision Tree Classifier was used for feature importance assessment to improve CNN-
BiLSTM-based mobile money fraud detection. This approach identified the dataset's fraud
detection strengths—first, a Decision Tree Classifier assessed feature significance. X indicates
features, and y fraud/non-fraud was used to train the classifier. The relevance of each feature
was determined by the trained decision tree classifier using the 'feature importances_' option.
Lower-ranked characteristics related to fraud detection were judged to be the most important.
Significant ratings were shown in the end, and feature importance was arranged for every
characteristic. This made clear the standards the model used to identify mobile money fraud.
Investigation of feature values allowed them to identify dishonesty. The pseudo-code for

adopted the decision tree approach is depicted in Figure 2 (Hambali Moshood, n.d.)

Algorithm 1 - DECISION TREE

DecTree (Sample Sm, Features Ft)
Steps:
1. Ifstopping_condition (Sm, Ft) = true then
a. Leaf = createNode()
b. leaflabel = classify(s)
c. return leaf
2. root = createNode()
3. root test_condition =findBestSpilt{Sm, Ft)
4. Q={q| ga possible outcomecfroot.test_condition)
5. For each value g € Q:
a. Smy ={s|root test condition(s) =vands€S};
b. Child = TreeGrowth (Smy, Ft);
c. Add derived child as descent of the root and
label the edge {root —child} as g
6.return root

Figure 2: Algorithm for Decision Tree classifier




AJIT-e Academic Journal of Information Technology

2025 Summer/Yaz — Cilt/Vol: 16 - Say/Issue: 3
d. | 10.5824/ajite.2025.03.002.x

2.8. Deep Learning Model

The deeep learning model for Advanced Mobile Money Fraud Detection was built on
a sequential architecture. It started with a ConvlD layer that localized features from
transaction sequences, then a MaxPoolinglD layer reduced the dimensionality. The
application of BatchNormalization was meant to make training more stable and faster. A
Bidirectional wrapper around the BiLSTM layer helped in getting the inputs from both
directions along the time axis. Dropout was used here to eliminate overfitting. The network
also had a Flatten layer that transformed the features into a vector format, then it was followed
by two fully connected Dense layers that were used for capturing complex patterns. It was

trained with an optimized SGD optimizer with momentum to accelerate convergence.
2.9.CNN Layer

To capture important local temporal patterns in the sequential mobile money
transaction data, the model added a Conv1D layer with 64 filters and a kernel size of 3. This
layer, using the ReLU activation, re- mapped the raw input signals such as trasaction time
gaps and amounts into feature maps that were more informative and highlighted potential
critical indicators of fraud. The input shape was specified to correspond to the preprocessed
training data that allowed the same data format to be passed to the following layers. This
convolutional method enabled the system to directly learn complex fraud-related behaviours
without the need for manual feature engineering, which is very important for the fast-

changing and evolving nature of mobile money fraud detection cases.
2.10. MaxPooling Layer

The research utilised a MaxPooling1D layer of size 2 for the purpose of lowering the
dimensionality of the convolutional feature maps. This pooling operation targeted the most
prominent signals related to fraud while eliminating the less relevant noise, thus enabling
better computation efficiency. By aggregating adjacent features, it contributed to the
steadiness of detection accuracy across different transaction patterns. This phase therefore was
crucial in feature extraction compression, avoiding overfitting, and allowing the following
BiLSTM layer to effectively read the most important time-series fraud hints hidden in the

transaction sequences.
2.11. Batch Normalization

Following the pooling, the investigation utilised Batch Normalisation to standardize
the featuer maps, thus helping to solve the issue of internal covariate shift. This normalisation
operation not only made training more stable and quicker, but also ensured that each feature
across the batches had the same mean and variance, which is very important for financial data

that is susceptible to scale changes. In our highly sophisticated mobile money fraud detection

B TV
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pipeline, this layer played a significant role in improved convergence when we combined it
with Optimised SGD with Momentum, thus allowing the model to handle various fraud
patterns, different types of transactions, and the changes in transaction behaviours that occur

in different seasons effectively.
212. BiLSTM Layer

Researchers conducted experiments with a Bidirectional wrapper around an LSTM
layer of 64 units and return sequences = True, which allowed the model to understand
transaction sequences from both forward and backwards directions. This dual-context
approach enable the model to not only understand simple dependencies but also more
complicated ones, such as regurently fraud and transaction reversals. By jointly considering
the past and future context, the BILSTM boosted the model’s capability to spot tricky fraud
patterns that are usually overlooked by unidirectional models. This move was essential to
getting the model more temporally aware, which made it fit the nature of the continously

changing scam cases in the mobile money sector perfectly.
2.13. Dropout

In order to avoid overfitting, we also used a Dropout layer which has a dropout rate of
0.2. This layer, throughout the training, randomly switched off 20% of the neurons, thus
reducing the co-adaptation of features and helping the model to be more robust when faced
with fraud cases that it has not seen before. Dropout, in the case of mobile money fraud
detection, ensured that the network learned the fraud representations which were spread out
rather than actually memorizing the specific transactions, therefore, it was able to maintain

high performance even if the fraud strategies changed.
2.14. Flatten Layer

After going through the sequential and convolutional layers, we used a Flatten layer to
change the multi-dimensional feature maps into one vector. This operation not only facilitated
the dense layers by collapsing the spatial and temporal fraud cues in to a single format but
also made it easier for the model to move from extracting temporal features to high-level fraud
risk scoring. Flattening was a key step in connecting sequential learning with fully connected

classification.
2.15. Dense Layer

To conclude, this research also employed two Dense layers: initially with 64 neurons
and ReLU activation to extract more fraud features and secondly with a single neuron and
sigmoid activation for the final fraud probability output. The dense layers carried out intricate
nonlinear operations to distinguish fraud cases from non-fraud ones. The Optimised SGD with
Momentum facilitated efficient and stable convergence, hence the model was able to attain

accurate fraud detection by recognizing inconspicuous but vital transaction patterns.
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2.16. Optimizer

The focus of the study is to enhance mobile money fraud detection using a
momentum-based stochastic gradient descent (SGD) model using a CNN-BiLSTM optimizer.
The optimizer accelerated and stabilized the training process, adjusting model weights and
learning rate of 0.01. The momentum coefficient of 0.9 and learning rate of 0.01 improved the
consistency and fluidity of parameter updates. This strategy allowed the model to understand
complex patterns associated with fraudulent mobile money transactions quickly. Researchers
may modify the momentum and learning rate to optimize the model's fraud detection

capabilities.
2.17. Compiling and Training

CNN-BiLSTM models using the TensorFlow backend and Keras framework were
trained to enhance the detection of mobile money fraud. We used the SGD with momentum
optimizer to improve the model by measuring the difference between the predicted and real
class labels. The performance of the model was assessed using accuracy measures. The fit
approach used data from all batch sizes of 64 to train the algorithm. The train, test and
validation data obtained is used to evaluate the performance of the performance. Researchers
wanted to make mobile money transfers more secure; therefore, they worked to make the
model better at detecting fraud.

2.18. Performance Metrics

This study examines key performance indicators in two stages: training and testing.
The evaluation metrics Accuracy, Precision, recall and F1-score, False Positve Rate (FPR) and
False Negative Rate (FNR) are mostly considered in measuring the performance of a model.
The values from True Positive (TP), False Positive (FP), True Negative (TN), False Negative
(FN) and N (where N is the sum of (TP + TN + FP + FN) are the metrics used to calculate these

measures. The different metrics are as follows:

Prec+Rec

Prec 7 Rec (Chatterjee & Namin, 2019: 227-32)
b) Recall: - (Chatterjee & Namin, 2019: 227-32)

c) Precision: —*=— (Gibson et al., 2020: 187914-187932)
(Gibson et al., 2020: 187914-187932)

a) Flscore: 2 *

d) Accuracy: @

-, _ (FP)
e) False Positive Rate: TP
. _(FN)
f) False Negative Rate: FN+TD)
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These performance metrics are considered in the study and used to evaluate the effectiveness
proposed model with Batch Normalisation for detecting mobile money fraud, and any

necessary adjustments are made to increase the model's performance.
3. RESULTS AND ANALYSIS

The paper explores a method for detecting mobile money fraud using CNN-BiLSTM
and Momentum-optimized SGD. It emphasizes the model's usefulness in detecting fraud and
its impact on developing safe digital financial ecosystems. The dataset, which includes
transaction details, account names, balances, and binary fraud flags, is analysed, highlighting
the need for dataset-balancing strategies. The findings will guide future efforts in fraud

detection.
3.1.Results of Balance the Dataset (Resample)

The "isFraud" field of the dataset shows a way to do resampling that is meant to help
find more mobile money scams. The class difference in the dataset indicates that almost all the
trades are real, while only a tiny number are fake. After the resampling method, there were no
clear differences between fake activities and those that were not. This showed that the
distribution was fair. The fair distribution of the dataset makes it easier for the model to find
mobile money transfer networks because it makes the dataset more representative and less

biased. Results obtained from the data balancing process are shown in Table 1.

Table 1: The results obtained from the balancing of the dataset
CLASS FROM | TO
IS NOT FRAUD (0) 6354407 | 6354407

IS FRAUD (1) 8213 6354407

3.2. Results of Feature Importance Selection (Decision Tree Classifier)

The "newbalanceOrig" which is a core component of the Decision Tree approach is
crucial and beneficial for identifying mobile money fraud. Some attributes, such as "type" and
"step," are more significant than others. The system achieved a memory score 1.0 due to its
accurate identification of all fraudulent transactions. It may be worth contemplating for legal
and illicit enterprises due to its durability and favourable F1 rating. The system became
perplexed while attempting to sort through the 207 authentic offers. Figure 3 shows the results
of feature improvements while Figure 4 shows the ROC curve for the featured result. Figure 5

shows the bar graph of the evaluation Metric score for the feature improvements.
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Figure 3: Bar graph representation of feature improvements against its importance
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3.3. Test Results with Variations of Epoch and Batch Size

Optimal SGD with Momentum is used in this work to test how well the CNN-BiLSTM
model can find mobile money plans. For the training, 5-fold cross validation was chosen
among the the range of 5 to 10 to reduce the computational costs, in addtion to its quick
iteration. Furthermore 5-fold cross validation gives a little higher variance with respect to
performance estimation which is acceptable in the case of improved speed exchange, which is

the expected goal of the training.

Fold 1: Loss was gradudually getting smaller by each subsequent batch, eventually
getting to 0.0464 in the 10th epoch. The peak of accuracy was 99.50%, while the
validation accuracy went up to 99.55%, hence a clear sign of the better learning stability

from the increment of the training.

Fold 2: The initial loss was 0.6500, but the error descended to 0.0535 by epoch 10. The
accuracy became 99.41% at best with the validation accuracy using 99.55%, leading to

the fact that it was a learning and generalisation process that was efficient.

Fold 3: The journey started with a loss of 0.6302 and got down to 0.0455 by the 10th
epoch. The validation accuracy hit the highest bar of 99.8%, which suggests that the

model’s performance has grown significantly with the increase of the batch.

Fold 4: By having obtained 0.6186 as initial loss, the model improved to 0.0456. The
accuracy grew to 99.55%, and the validation accuracy maintaind stability over 99.00%,

hence the process of learning dynamics was resilient across all batch sizes.

Fold 5: The last part of the loss climbed down from 0.6562 to 0.0624, and the final
accracy was 99.19%. The figures for validation accuracy were consistently above
99.00%, even at the highest of 99.55, which showed the strenghth of the model in
detecting fraud.Table 2, Table 3, Table 4, Table 5 and Table 6 shows the results with
variations of epoch and batch size for fold 1, fold 2, fold 3, fold 4 and fold 5 respectively.
Figure 6 and Figure 7 shows the training and validation loss of the epoch and batch

size and accuracies obtained resepectively.
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Table 2: The results with variations of epoch and batch size
No of

Loss Accuracy | Val_Loss | Val_Accuracy
Batches
1 0.9935
0.7713 | 0.9778 0.1777
2 0.9930
0.1359 | 0.9883 0.0902
0.1015 | 0.9892 0.0701 0.9955
0.0746 | 0.9927 0.0626 0.9940
0.0666 | 0.9934 0.0675 0.9945
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0.0635 | 0.9933 0.0590 0.9930
0.0536 | 0.9947
0.0746 0.9910
8 0.0550 0.9945
0.0582 | 0.9937
9 0.0541 0.9945
0.9944 0.0474
10 0.0464 0.0550 0.9915
0.9950

Table 3: The results with variations of epoch and batch size for fold 2

No of | Loss Accuracy | Val_Loss | Val_Accuracy
Batches

1 0.6500 | 0.9753 0.2376 0.9665
2 0.1298 | 0.9888 0.1019 0.9885
3 0.0914 | 0.9902 0.0812 0.9920
4 0.0865 | 0.9903 0.0768 0.9930
5 0.0706 | 0.9928 0.0719 0.9935
6 0.0662 | 0.9929 0.0574 0.9955
7 0.0582 | 0.9940 0.1309 0.9770
8 0.0546 | 0.9939 0.1675 0.9625
9 0.0521 | 0.9951 0.0554 0.9925
10 0.0535 | 0.9941 0.0514 0.9955

Table 4: The results with variations of epoch and batch size for fold 3

No of | Loss Accuracy | Val_Loss | Val_Accuracy
Batches

1 0.6302 | 0.9760 0.1519 0.9880
2 0.1212 | 0.9892 0.0913 0.9930
3 0.0854 | 0.9917 0.0582 0.9940
4 0.0677 | 0.9938 0.0466 0.9975
5 0.0550 | 0.9946 0.0482 0.9945
6 0.0570 | 0.9936 0.0557 0.9925
7 0.0537 | 0.9943 0.0369 0.9980
8 0.0497 | 0.9948 0.0373 0.9975
9 0.0463 | 0.9946 0.0373 0.9970
10 0.0455 | 0.9947 0.0380 0.9960

T —
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Table 5: The results with variations of epoch and batch size for fold 4

No of | Loss Accuracy | Val_Loss | Val_Accuracy
Batches

1 0.6186 | 0.9802 0.1642 0.9900
2 0.1154 | 0.9905 0.0942 0.9915
3 0.0797 | 0.9926 0.0804 0.9935
4 0.0721 | 0.9928 0.0971 0.9900
5 0.0635 | 0.9941 0.0601 0.9935
6 0.0675 | 0.9924 0.0678 0.9920
7 0.0546 | 0.9944 0.0686 0.9910
8 0.0486 | 0.9954 0.0552 0.9930
9 0.0500 | 0.9946 0.0548 0.9945
10 0.0456 | 0.9955 0.0832 0.9885

Table 6: The results with variations of epoch and batch size for fold 5

No of | Loss Accuracy | Val_Loss | Val_Accuracy
Batches

1 0.6562 | 0.9749 0.1707 0.9895
2 0.1267 | 0.9887 0.0898 0.9910
3 0.0864 | 0.9909 0.0941 0.9910
4 0.0979 | 0.9900 0.0844 0.9880
5 0.0719 | 0.9933 0.0682 0.9945
6 0.0590 | 0.9944 0.0673 0.9935
7 0.0603 | 0.9936 0.0466 0.9955
8 0.0556 | 0.9942 0.0537 0.9950
9 0.0590 | 0.9937 0.0359 0.9955
10 0.0624 | 0.9919 0.0494 0.9955

3.4. Results Of The K-Folds Validation

The model’s performance was consistently strong and impressive in all of the
K-Folds validation outcomes. The prototype from the first fold was marked by an
accuracy of 99.15% and a loss of 0.0560. The second fold had further ascended in its
performance as the associated loss was down to 0.0514 with an improved accuracy rate
of 99.55%. Following this pattern, the third fold was better than the previous one since
the loss was 0.0360, and the accuracy was the highest of 99.60%. An insignificant drop
was noticed in the fourth fold, leading to a 0.0832 loss and 98.85% accuracy. The last
fold, like the second one, obtained the same level of accuracy at 99.55% with 0.0495
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loss. Table 7, shows the loss and accuracy of each fold. Figure 8 shows the loss and accuracy

concerning each fold.

Table 7: The loss and accuracy with respect to each fold

No of | Loss Accuracy
Folds

1 0.0560 | 0.9915

2 0.0514 | 0.9955

3 0.0360 | 0.9960

4 0.0832 | 0.9885

5 0.0495 | 0.9955

Loss per Fold Accuracy per Fold
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Figure 8: The loss and accuracy with respect to each fold

3.5. Results of the CNN + Bi-LSTM

For the detection of high-tech mobile money fraud, the CNN-BiLSTM model set a
benchmark for the evaluation metrics. It had recorded an average recall score of 0.9929, a
precision score of 0.9927, and and an accuracy of 0.9928. The average F1 score also conferred
with it with the highest value of 0.9928, thus an excellent balance of precision and recall was
achieved. The fasle positive rate was very low at 0.0073, and the fasle negative rate was 0.0071.
The model made no mistakes in classifiying 1,261,877 fraud cases (TP) and 1,261, 550 non-
fraud cases (TN). Moreover, it was able to detect 1,261,877 fraud cases (TP) and 1,261,550
situations of non-fraud (TN) with 9,300 fasle positives and 9,036 false negatives, respectively.
Table 8 summarizes the results obtained from the CNN + BILSTM model. Figure 9 shows the
ROC curve of the CNN + BILSTM model.
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Table 8: Summary of the proposed CNN + Bi-LSTM model

MODEL MODEL RESULT
EVALUATION
Recall Score 0.9929

Precision Score | 0.9927

Accuracy Score | 0.9928

F1 Score 0.9928
FPR 0.0073
TN 1,261,550
FP 9,300

FN 9,036

TP 1,261,877

Receiver Operating Characteristic (ROC) Curve
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Figure 9: ROC curve of the CNN + BILSTM model with Area under the Curive (AUC)

3.6. Model Prediction

The model's performance was evaluated on the dataset for validation, tessting and
training.. The research includes a wide variety of model success metrics for the model. Table
9 shows the classification report. Figure 10 shows the Confusion Matrix of the CNN + BILSTM
model while Figure 11 depicts the bar graph of the CNN + BILSTM, with the value for each
evaluation metric. Figure 12 shows the bar graph of the classification report. The CNN-
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BiLSTM model is a great way to spot mobile money scams.It has a 99% success rate in class 1

and a 99% success rate in class 0. Because deals are legal or unfair, it is easy to distinguish

Custom Format Confusion Matrix 166
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Figure 10: Confusion Matrix of the proposed CNN + BILSTM model

Model Performance Metrics
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Figure 11: Bar graph showing the evaluation metric score for the proposed CNN +

BILSTM model
Table 9: The classification report
CLASS PRECISION RECALL F1-SCORE | ACCUR
ACY
IS NOT | 0.99 0.98 0.99 0.99
FRAUD (0)
ISFRAUD (1) | 0.98 0.99 0.99 0.99
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between real and fake ones. Customers trust financial companies and their services more

because this technology can easily find mobile money theft.

Performance Metrics for Fraud Detection
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Figure 12: The classification report

The CNN-BiLSTM model effectively detects mobile money fraud with a 99% accuracy
rate, distinguishing between authorized and fraudulent transactions. Its recall rate of 98%
demonstrates its effectiveness in preventing false negatives. This system is particularly
beneficial when prompt and accurate detection of fraudulent behaviour is crucial, as it boosts

customer trust in financial institutions.
3.7.Model Comparison

Predicting fraud in mobile money transactions with machine learning: how sampling
methods affect a sample that isn't fair (Botchey et al., 2021: 45-56). Revised: Detection of
financial fraud in the healthcare sector via the use of machine learning and deep learning
techniques has been retracted (Networks, 2023: 1-1). Methods for Detecting Fraudulent Digital
Payments in the Digital Era and Various Industries (Chang et al., 2022: 1-31). Table 10 shows

the Metric performance of the applied model with their respective datasets.

Table 10: Metric performance of the proposed applied model compared to other detection
algorithms with their respective datasets.

MODEL ACCURACY | PRECISION RECALL | F1-
SCORE

RF 98% 97% 97% 97%

(Networks

,2023:1-1)

DT (Chang | 98% 92% 83% 100%

et al., 2022:

1-31)
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ADASYN
(Botchey
etal., 2021:
45-56)

98%

0.84%

99%

1.68%

CNN+
BiLSTM
(proposed
model)

99%

99%

99%

99%

Using stochastic gradient descent with momentum for optimization, the suggested

CNN-BiLSTM model showed good classification performance, attaining 99% accuracy, 99%

precision, 99% recall, and 99% F1-score. These outcomes outperform related studies using the

same dataset and assumption produced by other machine learning models. This model

employs machine learning methods to identify fraudulent online payment transactions
(Almazroi & Ayub, 2023: 137188-137203). Using machine learning techniques to predict
fraudulent mobile money transactions (Lokanan, 2023: 1-24). Detecting fraud with the
Kolmogorov-Arnold Network (Gislain & Yurievic, 2025: 1-14). Table 11 shows the Metric

performance of the applied model.

Table 11: Metric performance of the proposed applied model compared to other detection algorithms

with the proposed dataset.

MODEL

ACCURACY

PRECISION

RECALL

F1-
SCORE

RF
(Lokanan,
2023: 1-24)

0.89

0.96

0.80

0.87

RXT-J
(Almazroi
& Ayub,
2023:
137188-
137203)

96%

96%

98%

97%

KAN
(Gislain &
Yurievic,
2025:1-14)

97%

97%

97%

97%

CNN+
BiLSTM
(proposed

model)

99%

99%

99%

99%

With a 99% success rate, the CNN-BiLSTM model is better than most modern ways of

finding mobile money schemes. Using convolutional neural networks and bidirectional long

short-term memory (BiLSTM) layers, this model is better than all the others. These include
Decision Tree (DT), ADASYN, RXT-J, Kolmogorov-Arnold Network (KAN) , and Random
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Forest (RF). There are almost no fake wins or rejections produced by deep learning systems.

These results show they might make banking institutions safer against mobile money theft.

For sophisticated mobile money fraud detection, the CNN-BiLSTM and Optimised
SGD with Momentum model produced exceptional results for a number of reasons. Subtle
irregularities in sequential data were captured by CNN layers, which successfully retrieved
local transactional patterns. BiLSTM layers improved pattern identification for both
fraudulent and genuine acts by learning intricate temporal relationships in both past and
future contexts. By smoothing gradient updates, the Optimised SGD with Momentum sped
up convergence and prevented local minima, resulting in accurate and steady learning. When
combined, these elements yeielded a balanced precision of 0.9927, which decreased false
alarms, and a high recall of 0.9929, which is essential for identifying fraud efforts. Strong
overall performance is reflected in the outstanding F1 score of 0.9928. This architecture
successfully handled imbalanced data issues, resulting in a low false positive rate (0.0073) and
balanced classification accuracy for fraud and non-fraud classes, which makes it ideal for real-

world mobile money fraud detection.
3.8. Limitations

It's critical to recognize the PaySim dataset’s limitations even though it offers a useful
approximation of mobile money transactions. it might not fully represent the intricacy,
volatility, and variety of actual financial behavior because it is a simulated dataset. Because
the are predicated on set assumptions, the fraudulent patterns produced might not accurately
represent the changing tactics employed by actual fraudsters. Furthermore, simulated data is
typically more organized and tidy than real data, which could cause model performance to be
exaggerated. These elements imply that even though the outcomes are encouraging, additional
verification utilizing actual mobile money data is required to validate the model’s resilience

and capacity for generalization.

4. CONCLUSION AND RECOMMENDATION

The study demonstrates the effectiveness of CNN-BiLSTM and optimized SGD +
Momentum in detecting mobile money fraud. The model has a recall score of 0.9929, a
Precision score of 0.9927, and an overall accuracy of 0.9928in distinguishing between legal
and fraudulent transactions. It correctly recognized and rejected occurrences, indicating that
advanced deep learning techniques like CNN-BiLSTM architecture and improved SGD +

Momentum optimization approaches can mitigate mobile money fraud.
4.1. Conclusion

This study uses momentum-optimized stochastic gradient descent (SGD) and CNN-
BILSM to detect mobile money theft. The CNN-BILSM model achieves high generalisability
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and convergence by identifying patterns in time and space and optimizing its momentum and
learning rate components. The model outperforms older models like ADASYN, Decision Tree
(DT), Random Forest (RF), Kolmogorov-Arnold Network (KAN) and RXT-], with a precision
of 0.9927 and a success rate of 0.9928. The model's effectiveness is evaluated using various

methods.
4.2, Recommendation and Future Works

A new method for detecting mobile money fraud has been developed using CNN-
BiLSTM and Optimised SGD plus momentum models. This method aims to enhance real-time
fraud detection, improve system transparency, and improve feature engineering.
Collaboration between police, IT firms, and institutions can efficiently tackle mobile money
fraud. Future research will use innovative methodologies like CNN-BiLSTM and federated
learning to enhance detection further in addition to Real-time transaction monitoring systems

can also help identify and prevent fraudulent behaviour early.
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Oz Konusma, insanlar arasindaki iletisimin en temel ve etkili yolu olarak degerlendirilmektedir.
Insanlar  konusma yolu ile duygu, diisiince ve bilgilerini paylasmakta, iliskilerini
giiclendirmekte ve toplumsal baglarini pekistirmektedir. Konusma sirasinda karsidaki kisinin
duygu durumunun anlasilmasi, empati kurarak daha etkili ve anlaml bir iletisim saglamak
icin onemlidir. Giiniimiizde telefon gibi araclarla yapilan uzaktan konusmalarda ifade edilen
duygu tonlarimin anlagilmas: icin konusma duyqu tamima yontemlerinden siklikla
faydalamilmaktadir. Konusma duygu tanmima miigteri hizmetleri, saglik, egitim, eglence ve
akillr sistemler gibi bircok alanda kullanilmaktadir. Konusma duygu tanimada sinyal isleme,
istatistiksel analiz ve biyometrik teknikler gibi yontemler kullamilirken, son zamanlarda derin
ogrenme yontemleri de yayginlagmstir. Bu ¢alismada konusma duygu tanima icin evrigimsel
sinir aglart kullanilarak U-Net tabanli 6zgiin derin 6grenme modeli onerilmistir. Onerilen
modelin  hiper-parametre optimizasyonlar: icin Bayesian optimizasyon yonteminden
faydalanilmstir. Onerilen model Tiirke, Ingilizce, Arapca ve Bangla dillerinden dort farkly
veri ile analiz edilmistir. Onerilen model ile farkly veri setlerinde %56,55 ile %99,71 arasinda

dogruluk hesaplanmistir.

Anahtar : Konusma Duygu Tanima, Derin Ogrenme, Evrisimsel Sinir Aglari, U-Net, Makine
Kelimeler Ogrenmesi

EmotionUnet: A Novel Deep Learning Model Based on U-Net for
Speech Emotion Recognition

ABSTRACT Speech is considered to be the most basic and effective way of communication between people.
Through speaking, people share their feelings, thoughts and information, strengthen their
relationships and reinforce their social bonds. It is important to understand the emotional state
of the other person during the conversation in order to provide a more effective and meaningful
communication by empathizing. Today, speech emotion recognition methods are frequently
used to understand the emotional tones expressed in remote conversations via tools such as
telephones. Speech emotion recognition is used in many fields such as customer service,
healthcare, education, entertainment, and intelligent systems. While signal processing,
statistical analysis and biometric techniques are used in speech emotion recognition, deep
learning methods have recently become widespread. In this study, a novel U-Net based deep
learning model for speech emotion recognition using convolutional neural networks is
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proposed. Bayesian optimization method is used for hyper-parameter optimization of the
proposed model. The proposed model is analyzed with four different datasets from Turkish,
English, Arabic and Bangla languages. The accuracy of the proposed model is calculated
between 56,55% and 99,71% on different datasets.

Keywords : Speech Emotion Recognation, Deep Learning, Convolutional Neural
Network, U-Net, Machine Learning
EXTENDED ABSTRACT
INTRODUCTION

Effective communication relies not only on the exchange of thoughts, feelings, and
information, but also on the ability to strengthen relationships and reinforce social bonds. A
key component of this process is understanding the emotional state of the other person, as it
facilitates empathy and leads to more meaningful interactions. In face-to-face communication,
cues such as gestures and facial expressions make it easier to discern emotional states.
However, in remote communication—such as phone conversations—this becomes more
challenging. In such cases, emotional understanding is often derived from vocal elements such
as tone, accent, speech rate, volume, pauses, and word choice. Speech Emotion Recognition
(SER) methods have been developed to automatically detect emotional states in spoken

language, offering a technological solution to this challenge.

In this study, a novel deep learning model for SER is developed using the U-Net
architecture. The model incorporates both Convolutional Neural Network (CNN) and Fully
Connected Layer (FCL) structures. To enhance model performance, hyper-parameters are
optimized using the Bayesian optimization approach. The proposed model is evaluated on
datasets from four languages: Turkish, English, Arabic, and Bangla. The primary objective of
this study is to assess the performance of the U-Net-based deep learning model in the context
of SER. A comprehensive review of the existing literature reveals that U-Net-based
architectures have not previously been applied to SER tasks. Therefore, the model developed

in this study is considered to be a novel contribution to the field.
MATERIALS AND METHODS

In this study, a novel U-Net-based deep learning model incorporating CNN and FCL
layers was developed. The model was trained on the TurEV-DB, BanglaSER, TESS, and ANAD
datasets, and its performance was evaluated on each. Key performance metrics, including
accuracy, precision, recall, and area under the curve, were employed to assess the model’s
effectiveness. Spectrogram representations of the audio data, used as inputs, were generated
using Short-Time Fourier Transform. Additionally, the model's hyperparameters were

optimized through a Bayesian optimization approach.
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RESULTS AND DISCUSSION

In the initial phase of the study, each dataset was divided into three subsets: training,
validation, and testing. Specifically, 25% of the data was randomly selected for the testing set,
10% for the validation set, and the remaining 65% for the training set. The training set was
used to fit the model, the validation set to monitor model performance during hyper-
parameter optimization and to trigger callback functions during training, and the test set to
evaluate the final performance of the trained models. Once the datasets were partitioned, the
hyper-parameters of the proposed model were optimized individually for each dataset. This
optimization was performed using the Bayesian approach, implemented through the scikit-
optimize library in Python. The results of the hyper-parameter optimization are presented in
Table 2.

After the hyper-parameter tuning phase, the model was trained separately on each
dataset using the optimized hyper-parameters. During training, two callback functions were
incorporated for learning rate reduction and early stopping. The learning rate reduction
function halved the learning rate if the validation loss did not improve for two consecutive
iterations, while the early stopping function halted training if the validation loss remained
unchanged for six consecutive iterations, preventing overfitting. The performance metrics,
calculated after training, are displayed in Table 3. These results indicate that the model
achieved the highest accuracy on the ANAD dataset and the lowest accuracy on the BanglaSER
dataset, with noticeably lower accuracy rates observed on the BanglaSER dataset compared to
the others.

To further evaluate model performance, it is critical to analyze results on a class-by-
class basis. For this purpose, precision-recall curves were plotted for each dataset, as shown in
Figures 2-5. For the TurEV-DB dataset, the best performance was observed in the "sad" class,
while the "calm" class yielded the weakest performance. The "angry" and "happy" classes
showed similar patterns. In the ANAD dataset, all classes exhibited near-perfect curves. For
the BanglaSER dataset, the "neutral” and "angry" classes outperformed the others. In the TESS
dataset, nearly all classes showed near-perfect curves except for the "surprised" class, which

had a slightly lower performance.

When compared to the existing literature, the proposed model demonstrates superior
results on the TESS and ANAD datasets, achieving almost flawless performance. For the
BanglaSER dataset, the model's results are close to the literature but still show an improvement

over previously reported finding.
CONCLUSIONS

In this study, a novel U-Net-based deep learning model for Speech Emotion
Recognition is proposed, utilizing CNN and FCL layers. The model was trained on datasets
from four different languages, and its performance was evaluated based on key metrics.
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Hyper-parameter tuning was conducted using Bayesian optimization, which offers significant
advantages over traditional methods such as grid search for deep learning applications. The
experimental results reveal that the proposed model achieved accuracies ranging from 56.55%
t0 99.71%. When compared to the existing literature, the model underperforms on the TurEV-
DB dataset, while slightly outperforming the literature on the BanglaSER dataset. For the
ANAD and TESS datasets, the model demonstrates superior performance compared to

previously reported results.
GIRIS

Konusma insanlar arasindaki iletisimin en temel ve etkili yoludur. Konusma sayesinde
insanlar; duygu, diisiince ve bilgilerini paylasabilmekte, iligkilerini giiglendirebilmekte ve
toplumsal baglar1 pekistirebilmektedir. Konusma esnasinda karsidaki kisinin duygu
durumunun bilinmesi, empati kurarak daha etkili ve anlamli bir iletisim saglanmasi igin
biiyiik 6nem arz etmektedir. Bu 6n bilgi sayesinde insanlar rahatlikla is birligi yaparak, birlikte
sorunlara ¢oztimler bulabilmektedir. Bu nedenle insanlar konusma esnasinda karsidaki
insanin duygu durumunu anlamak icin bir ¢aba sarf etmektedir. Yiiz ytlize konugsma esnasinda
karsidaki kisinin duygu durumunu anlamalk, jest ve mimik gibi unsurlar sayesinde daha rahat
olmakta ancak sohbet esnasinda kisilerin birbirini gormedigi durumlarda duygu
durumlarinin anlasilmast daha zor olmaktadir. Giiniimiizde siklikla telefon vb. araglar
sayesinde yapilan uzaktan konusmalarda duygu durumunu; ses tonu, vurgular, hiz, ses
seviyesi, duraklamalar ve kelime se¢imi gibi unsurlarin analiziyle anlasilabilmektedir.
Konusma esnasindaki kisilerin duygu durumlarinin otomatik bir sekilde elde edilmesi igin ise
konugsma duygu tanima (Speech Emotion Recognation- SER) yo6ntemlerinden

faydalanilmaktadir.

SER, konusma sirasinda ifade edilen duygusal tonlarin ve ruh hallerinin otomatik
olarak belirlendigi siireci ifade etmektedir. SER; miisteri hizmetleri, saglik, egitim, eglence ve
akilli sistemler gibi bir¢ok alanda farkli amaglar ile kullanilmaktadir (Madanian et al., 2023;
Zhu et al., 2017). SER kullanim alanlarina acil ¢cagr1 merkezilerinde tehlikeli veya yasami tehdit
eden durumlar1 tanimlamak, ara¢ ici interaktif sesli yanit sisteminde yorgun siiriiciileri
tanimlamak, zihinsel saglik teshislerini desteklemek ve ¢evrimigi egitim sistemlerinde 6grenci
tepki durumlarini anlamak 6rnek olarak verilebilmektedir (Ahmad et al., 2016; Kerkeni et al.,
2020; D. Mishra & rawat, 2015; Zhou et al., 2016).

Gelistirilen SER uygulamalarinda konusulan dil biiyiik 6nem arz etmektedir ¢iinkii her
dilin kendine 6zgii ses tonlari, ritimleri, vurgu diizenleri ve duygu ifadeleri bulunmaktadir.
Bu unsurlar duygularin nasil ifade edildigini ve algilandigin biiyiik 6l¢lide etkilemekte bu

nedenle farkli dillerdeki vurgu, ritim ve tonlama farkliliklar1 duygusal durumlarin
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taninmasinda kritik rol oynamaktadir. Bu nedenle bir dilde basarili sonuglar elde eden bir
modelin bagka bir dilde istenilen basariy: elde etmemesi olasi bir durumdur (Ververidis &
Kotropoulos, 2006) . Bahsedilen sebeplerden o6tiirii tasarlanan bir uygulamanin farkh dillerde
de analizinin yapilmasi, uygulamanin genelleme yapabilme kabiliyetini Ol¢mek igin

onemlidir.

SER uygulamalarinda sinyal isleme, istatistiksel analiz ve biyometrik teknikler gibi
yontemler kullanilabilmektedir. Bu yontemlerin arasinda fourier doniisiimii, wavelet
doniistimii, cepstral analiz, elektromiyografi, elektrodermal aktivite ve kural tabanli sistemler
gibi yaklasimlar bulunmaktadir (Wagner et al.,, 2005). Bu yontemlerin yani sira makine
ogrenmesi ve derin 6grenme yontemleri de SER i¢in siklikla kullanilmaktadir. Son zamanlarda
bir¢ok problemde oldugu gibi SER uygulamalarinda da derin 6grenme yaklasimlarinin model

performanslarinda iyilesmeler yaptig1 goriilmektedir (Satt et al., 2017).

Bu calismada SER igin 6zgiin bir derin 6grenme modeli U-Net mimarisi kullanilarak
gelistirilmistir. Gelistirilen modelde evrisimsel sinir aglar1 (Convolutional Neural Network-
CNN) ve tam bagh katman (Fully Connected Layer- FLC) yapilarindan faydalanilmistir. Derin
ogrenme modellerinde basar1 oranini etkileyen en 6nemli unsurlardan biri ise kullanilan
hiper-parametrelerdir. ~Calismada Onerilen modelin hiper-parametreleri Bayesian
optimizasyon yaklasimi ile optimize edilmistir. Onerilen model Tiirkge, ingilizce, Arapga ve
Bangla dili olmak tizere dort farkl: dilden veri seti kullanilarak analiz edilmistir. Bu ¢alismanin
amac1 U-Net tabanli gelistirilen derin 6grenme modelinin SER {iizerindeki performansinin
oOl¢lilmesidir. Calisma kapsaminda yapilan literatiir taramalar1 dogrultusunda daha 6nce U-
Net tabanli mimarinin SER i¢in kullanilmadig: goriilmiistiir. Bu nedenle ¢alisma kapsaminda
gelistirilmis olan model 6zgiin olarak degerlendirilmektedir. Calismanin devaminda sirasi ile
literatiir taramasindan bahsedilmis, yontemler anlatilmis, analiz sonuglarina deginilmis ve

tartisma kismi ile calisma sonlandirilmistir.
1. LITERATUR TARAMASI

Literatiirde hem geleneksel makine 6grenmesi hem de derin 6grenme yontemleri
kullanilarak SER ¢alismalar1 yapilmustir. Lin ve Wei yapmis olduklar1 calismada farkh
Oznitelik teknikleri kullanarak egittikleri sakli Markov modelleri, destek vektor makinalar: ve
k en yakin komsu modellerinde sirasiyla %99,5, %88,9 ve %84,5 dogruluk elde etmislerdir (Lin
& Wei, 2005). Jha ve digerleri RAVDESS veri setinden alt1 farkl1 yontemle 6znitelik ¢ikararak
egittikleri naive Bayes, rastgele orman, k en yakin komsu, destek vektdr makinalar1 ve yapay
sinir ag1 modellerinden en basarili yontemlerin destek vektor makinalar ve yapay sinir aglar:
oldugu sonucuna varmiglardir (Jha et al., 2022). Krishna ve digerleri destek vektor makinalar:
ve yapay sinir ag1 siniflandirma yontemleri ile gelistirmis olduklar1 modellerde 986,50
dogruluga ulasmislardir (Krishna et al., 2022). Liu ve digerleri CASIA veri seti lizerine

korelasyon analizi ve Fisher yontemi ile Oznitelik secimi uygulamis ve asir1 6grenme
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makinalar1 yontemi kullanarak egittikleri modelde %89,6 dogruluk elde etmislerdir (Liu et al.,
2018). Ghai ve digerleri mel-frekansi kepstral katsayilari ile dznitelik ¢ikararak egittikleri
destek vektor makinalari, rastgele karar ormani ve gradyan artirma yontemleriyle %81,05

dogruluga ulagmislardir (Ghai et al., 2017).

Harrar ve arkadaslar1 6nermis olduklar1 CNN tabanli derin 6grenme modelini EMO-
DB veri seti ile egiterek %96,97 dogruluga ulasmislardir (Harar et al., 2017). Issa ve arkadaslar1
gelistirmis olduklar1 CNN tabanli derin 6grenme modelini kullanarak RAVDESS ve EMO-DB
veri setlerinde sirasiyla 71,61% ve 95,71% dogruluga ulasmislardir (Issa et al., 2020). Anvarjon
ve arkadaslar1 duygu konusma tanima igin 6nerdikleri hafif etkili CNN modeliyle IEMOCAP
veri setinde %77,01, EMO-DB veri setinde %92,02 dogruluk elde etmislerdir (Anvarjon et al.,
2020). Mustageem ve arkadaslar1 kisa zamanli Fourier doniisiimiinden (Short-time Fourier
transform- STFT) elde edilen spektrogram degerlerini girdi olarak kullanan CNN ve uzun kisa
stireli bellek (Long Short-Term Memory - LSTM) tabanl derin 6grenme modelinde IEMOCAP,
EMO-DB ve RAVDESS veri setlerinde sirasiyla 74%, 86% ve 81% F1 skoru elde etmislerdir
(Mustageem et al., 2020). Mustageem ve Kwon SER igin 6nermis olduklar1 tek boyutlu
genisletilmis CNN tabanli ¢oklu 6grenme mimarisinde IEMOCAP ve EMO-DB veri setlerinde
sirasiyla %73 ve %90 dogruluk elde etmislerdir (Mustageem & Kwon, 2021). Nediyanchath ve
digerleri ¢ok kafali dikkat aglar1 ve log mel filtre bankas: enerjileri kullanarak gelistirmis
olduklari modelle IEMOCAP veri setinde %76,4 dogruluga ulasmislardir (Nediyanchath et al.,
2020). Singh ve arkadaslar1 CNN ve destek vektor makinalarini birlikte kullanarak onerdikleri
modelde farkli spektrogram yontemlerini deneyerek EMO-DB veri setinde %79,86, RAVDESS
veri setinde %52,54 dogruluga ulasmislardir (Singh et al., 2023). Liu ve arkadaslar1 dikkat
tabanlit LSTM ve CNN kullanarak gelistirmis olduklart modelde IEMOCAP ve IMPROV veri
setlerinde sirasiyla %70,27 ve %60,90 ortalama duyarlilik skoru elde etmislerdir (Liu et al.,
2023). Khan ve digerleri 6nerdikleri ¢ok modlu SER modeli sayesinde IEMOCAP ve MELD
veri setlerinde dogrulugu %4,5 iyilestirmislerdir (Khan et al., 2024). Mishra ve arkadaslar:
tarkli 6znitelik ¢ikarma tekniklerini kullanarak elde ettikleri girdiler ile derin sinir ag1 egiterek
%87,48 dogruluga ulasmislardir (S. P. Mishra et al., 2024). Mary Little Flower ve digerleri veri
¢ogaltma teknikleri sayesinde CNN tabanli modelin dogrulugunu AESDD, CAFE, EmoDB,
IEMOCAP ve MESD veri setlerinde sirasiyla %99,2, %99,5, %97,5, %92,4, ve %96,9 olarak
hesaplamiglardir (Mary Little Flower et al., 2024).

2. MATERYAL VE METOT

Calismada CNN ve FLC katmanlar: kullanilarak U-Net tabanl 6zgiin derin 6grenme
modeli gelistirilmistir. Yapilan literatiir taramas1 dogrultusunda konusma duygu tanima
alaninda U-Net tabanli bir mimari yapimin kullanilmamis olmasi ise ¢alismamizda onerilen

modelin 6zgiin olarak degerlendirilmesini saglamaktadir. Gelistirilen model dort farkl: dilden
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veri setleri kullanilarak egitilmis ve modelin bu veri setlerindeki performans skorlar
hesaplanmistir. Girdi olarak kullanilan ses verilerinin spektrogram gosterimleri STFT
kullanilarak elde edilmis ve modelin hiper-parametreleri Bayesian optimizasyon yaklasimui ile
optimize edilmistir. Girdi olarak STFT spektrogram verileri kullanmak zamana bagl frekans
bilgisini modele sunarken, sesin igerigini daha iyi temsil eden bir 6zellik uzay1 olusturmay1
saglamistir. Hiper-parametre optimizasyonu asamasinda Bayesian yaklagiminin kullanilmasi
ise daha az deneme sayis1 ile modeller i¢in en uygun hiper-parametrelerin tespit edilmesini

saglamistir.
2.1. VERI SETi

Calismada Tiirkge dilinden TurEV-DB (Canpolat et al., 2020), Arapga dilinden
ANAD (Altamimi & Alayba, 2023), Bangla dilinden BanglaSER (Das et al., 2022) ve Ingilizce
dilinden TESS (Pichora-Fuller & Dupuis, 2020) veri setleri kullanilmistir. Bu veri setleri, her
biri i¢in sunulan referanslarda yer alan baglantilardan indirilmistir. ANAD veri setinde 741
kizgin, 505 mutlu ve 137 sasirmis olmak iizere toplam 1383 6rnek bulunmaktadir. BanglaSER
veri setinde 306 kizgin, 306 mutlu, 306 tizgiin, 306 sasirmis ve 243 notr olmak {izere toplam
1467 6rnek bulunmaktadir. TurEV-DB veri setinde 487 kizgin, 408 sakin, 357 mutlu ve 483
tizglin olmak tizere toplam 1735 6rnek bulunmaktadir. TESS veri setinde ise korku, sasirmus,
tizglin, sinirli, ifrenmis, mutlu ve noétr siiflariin her birinden 400 olmak tizere 2800 drnek

bulunmaktadir. Veri setleri hakkindaki detayli bilgilere ilgili makalelerden ulasilabilmektedir.
2.2.KISA ZAMANLI FOURIER DONUSUMU

STFT, sinyali kisa zaman araliklarina bolerek her bir araligin Fourier
dontistimiinii hesaplayan zaman-frekans analiz yontemidir. STFT sinyalin zaman igerisindeki
frekans igerigini incelemeye olanak tarudig: icin 6zellikle konusma ve miizik sinyalleri gibi
zamanla degisen sinyalleri analiz etmek igin siklikla kullanilmaktadir. Her bir kisa zaman
araligl, genellikle Hamming veya Hanning gibi bir pencere fonksiyonu ile ¢arpilmakta ve bu
pencere fonksiyonu sinyalin belirli bir kismini izole etmektedir. STFT hem zamansal hem de
frekans bilgilerini koruyarak sinyalin daha kapsamli bir analizini saglamaktadir. Zaman-
frekans ¢oziiniirliigii, pencere uzunluguna bagh olarak degismektedir. Daha kisa pencereler
daha iyi zaman ¢oziintirliigli saglarken, daha uzun pencereler daha iyi frekans ¢oziiniirligii
saglamaktadir (Allen & Rabiner, 1977).

2.3.BAYESIAN OPTIMIZATION

Bayesian optimizasyon, oOzellikle hesaplamali olarak pahali ve zaman alicl
fonksiyonlar1 optimize etmek icin kullanilmaktadir. Bayesian optimizasyon yaklasimi, bir
fonksiyonun belirli bir noktadaki degerini tahmin etmek igin Bayes teoremini

kullanilmaktadir. Bu yontemde genellikle fonksiyonun bilinmeyen kisimlarin1 modellemek
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icin Gaussian siireglerinden faydalanilmaktadir. Bayesian optimizasyon, Ozellikle hiper-
parametre optimizasyonu gibi alanlarda yaygin olarak kullanilmakta ve derin yapay sinir
aglar1 gibi hiper-parametre sayisi ¢ok ve hiper-parametre uzayi genis olan modellerde tercih
edilmektedir. Bayesian optimizasyon, daha once kendisine sunulan 6rneklerden 6grenerek
yeni denemelerin nerede yapilmasi gerektigini belirleyerek optimize edilecek fonksiyonun
minimum veya maksimum degerine daha hizli ulasmay1 amaglamaktadir. Ongdriicii model
ve kazanim fonksiyonu olmak {izere iki temel bilesene dayanmaktadir. Kazanim fonksiyonu,
yeni denemelerin yapilacagi noktalar: segerken kesif ve somiirii arasinda denge kurmaktadir.
Bu denge, yeni bolgeleri kesfetmek ile mevcut bilgiye dayanarak en iyi bilinen ¢6ztimii

somiirmek arasinda bir secim yapilmasini saglamaktadir (Snoek et al., 2012).
2.4.U-NET TABANLI DERIN OGRENME MODELI

Calismada alt1 adet CNN modiilii ve bir adet FLC katmani igeren, EmotionUnet ismi
verilen U-Net tabanli derin 6grenme modeli gelistirilmistir. ProteinUnet (Kotowski et al., 2021)
modeline benzer bir sekilde, Python dilinde var olan keras (Keras: Deep Learning for Humans,

2024) kiittiphanesi ile gelistirilmis olan bu modelin mimari yapis1 Sekil 1'de gosterilmektedir.

Daraltica
Yol

Genigleyici
Yol

CNN+4

Sekil 1: Emotionunet Modeli Mimari Diyagrami

Sekil 1'de de goriilecegi tizere model, CNN katmanlarin1 daraltict yol
(contracting path) ve genisleyici yol (expansive path) olmak tizere iki ana katmana ayirmstir.
Daraltic1 yol birbirine seri sekilde bagh tic CNN modiiliinden olusurken genisleyici yol hem
birbirine seri sekilde bagli hem de daraltici yolda kendisine karsilik gelen CNN modiiliine
bagli tic CNN modiiliinden olusmaktadir. Her bir CNN modiilii sirasiyla tek boyutlu evrisim
ve Batch Normalizasyonu katmanlarindan olusmaktadir. Tek boyutlu evrisim katmani igin
filtre sayilar1 her bir modiil i¢in ayr1 ayr1 optimize edilmistir. Daraltic1 yoldaki CNN modiilleri
i¢in gekirdek genisligi 7, genisleyici yoldaki CNN modiilleri i¢in ise ¢ekirdek genisligi 5 olarak
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ayarlanmistir. Bu katmandaki aktivasyon fonksiyonu relu ve padding parametresi same
olarak ayarlanirken diger parametreler ise varsayilan olarak birakilmistir. ~ CNN
katmanlarindan sonra ise modele aktivasyon fonksiyonu relu olan bir FLC katmani eklenmis
daha sonra model softmax katmani ile sonlandirilmistir. FLC katmanindaki noéron sayist da
optimize edilmis, kalan parametreler ise varsayillan ayarda birakilmistir. Modelde
optimizasyon algoritmast Adam ve kayip fonksiyonu categorical crossentropy olarak
ayarlanmigtir. Modelin 6grenme adimi, dongii sayis1 ve parca sayisi degerleri ise optimize
edilmistir. Calismada konusma duygu tanima igin onerilmis olan U-Net mimarisinin gesitli
faydalarinin oldugu diistintilmektedir. Bunlardan ilki inis-gikis yaklasimiyla hem genis
kapsamli (global) hem de ince ayrintili (local) desenleri yakalayabilen yapisi sayesinde ses
verisinde farkli zaman araliklarinda olusan kisa ya da uzun siireli olaylar1 taniyabilmesidir.
Ozellikle gorsel verilerinde bagarili sonuglar veren U-Net mimarisi, spektrogram gibi gorsel
ozellikleri kullanan ses verileri ile yiiksek uyuma sahiptir. Daraltic1 yol boliimiinde 6zellikler
sikistirtlirken, genisleyici yol boliimiinde 6zellikler genisletilmektedir. Bu duruma en olarak
daraltict yol ve genisleyici yol boliimlerinde gegis baglantisinin olmasi ise veri kaybini

minimize etmektedir.
3. DENEY SONUCLARI

Calismanin ilk asamasinda her bir veri seti egitim, test ve validasyon olmak {izere tige
boliinmiistiir. Bu kapsamda 6rneklerin rastgele %25’i secilerek test, %10"u segilerek validasyon
ve kalanlar ile ise egitim veri seti olusturulmustur. Her bir veri seti i¢in egitim, test ve

validasyon veri setindeki 6rnek sayilar tablo 1’de gosterilmektedir.

Tablo 1: Her Bir Veri Setinden Elde Edilen Egitim, Test ve Validasyon Veri Setleri Igin Ornek

Sayilari
Veri Seti Adi Egitim Ornek Sayist Test Ornek Sayist Validasyon Ornek Sayist
TurEV-DB 1129 433 173
ANAD 900 345 138
BanglaSER 955 366 146
TESS 1431 549 219

Olusturulan veri setlerinden, egitim veri seti modeli egitmek, validasyon veri seti
hiper-parametre optimizasyonu asamasinda model performansi: hesaplamak ve model egitimi
esnasinda geri ¢agirma (callback) fonksiyonlarini tetiklemek, test veri seti ise egitilmis
modellerin performansini hesaplamak igin kullanilmistir. Egitim, test ve validasyon veri
setleri olusturulduktan sonra ¢nerilen modelin hiper-parametreleri her bir veri seti icin ayr
ayr1 optimize edilmigtir. Hiper-parametre optimizasyonu igin kullanilan Bayesian
optimizasyon yontemi Python dilinde var olan scikit-optimize (skopt) (Scikit-Optimize, 2025)

kiitiiphanesi kullanilarak gelistirilmistir. Yontem icin bu kiitiiphanede var olan gp_minimize
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fonksiyonu acq_func="El', n_calls=50 parametre ayarlar1 ile kullamilmistir. Bu yontem cizge

aramadan farkli olarak, her bir hiper-parametre i¢in bir aralik ya da kategorik bir uzay alarak,

belirlenen uzaydan en uygun degerleri Gauss siirecini kullanarak tespit etmeye ¢calismaktadir.

Optimize edilen hiper-parametreler icin hiper-parametre uzayi, hiper-parametre adi, hiper-

parametre tiirii ve her bir veri seti i¢in bulunan optimum deger tablo 2'de gosterilmektedir.

Tablo 2: Optimize edilen hiper-parametreler i¢in hiper-parametre adi, uzay: ve optimum

degerler

Hiper-parametre
Adr

Hiper-
parametr
e Tiirii

Hiper-
parametr
e uzayi

TurEV-DB  optimum
deger

ANAD
optimum
deger

BanglaSE
R
optimum
deger

TESS
optimum
deger

O0grenme adimi

dongii sayist

parga sayist

filtre say1s1 (CNN-
D)

filtre say1s1 (CNN-
2)

filtre say1s1 (CNN-
3)

filtre say1s1 (CNN-
4)

Geregel
Say1

Tam Say1

Kategori
k

Tam Say1

Tam Say1

Tam Say1

Tam Say1

En
disiik =
104, En
yiiksek
=10

En
disiik =
5, En
yliksek
=100

[1, 2, 4,
8,16, 32,
64, 128]
En
disiik =
16, En
yiiksek
=256

En
disiik =
16, En
yliksek
=256

En
disiik =
16, En
yliksek
=256

En
disiik =
16, En
yliksek
=256

0,000232

100

16

256

106

256

196

0,000120
8

52

128

39

57

93

0,0001

85

68

16

256

256

0,001183

29

16

34

242

194

124

241 I
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En
disik =
Tam Sayr 16, En 18 203 256 116
yiiksek
=256
En
disik =
Tam Sayr 16, En 256 169 256 186
yiiksek
=256
En
disik =
noron sayist (FLC) Tam Say:1 100, En 764 596 794 864
yiiksek
= 1500

filtre say1s1 (CNN-
5)

filtre say1s1 (CNN-
6)

Tablo 2’de yer alan 6grenme adimi (learning rate), her adimda model agrilarinin
degistirilme katsayisini; dongii sayisi (epoch), modelinin egitim verisinin tamamini kag kez
gececegini; parca sayisi (batch size), modelinin egitim sirasinda ayni1 anda isledigi veri
orneklerinin sayisiny; filtre sayzsy, ilgili evrisim katmanindaki pencere sayisini; noron sayisi ise
FLC katmanindaki birim sayisini ifade etmektedir. Filtre sayis1 hiper-parametresi her bir CNN
modyiilii i¢in ayr1 ayr1 optimize edildigi i¢in tabloda alti farkl filtre sayis1 verilmistir. Filtre

sayis1 hiper-parametresinde hangi modiil i¢cin kullanildi$1 parantez igerisinde verilmistir.

Hiper-parametre optimizasyonu asamasmdan sonra, belirlenen hiper-parametreler
kullanilarak onerilen model her bir veri seti icin egitim kiimeleri kullanilarak ayri ayr
egitilmistir. Egitim esnasinda modele 6grenme hiz1 azalmasi ve erken durdurma igin iki adet
geri cagirma fonksiyonu eklenmistir. Ogrenme hiz1 azaltma fonksiyonu, validasyon veri
kiimesi tlizerinde art arda iki kez kayip degeri degismez ise Ogrenme oraninin iki ile
boliinmesini saglarken erken durdurma fonksiyonu, validasyon veri kiimesi tizerinde art arda
alt1 kez kayip degeri degismez ise maksimum dongii sayisina ulasmadan model egitiminin
bitirilmesini  saglamaktadir. Model egitimi tamamlandiktan sonra modellerin
performanslarini gozlemlemek igin test verisi {izerinde dogruluk (accuracy), kesinlik
(precision), duyarlilik (recall) ve roc egrisi altinda kalan alan (auc), degerleri hesaplanmuistir.

Tablo 3’te her bir veri seti i¢in hesaplanmuis olan degerler gosterilmektedir.

Tablo 3: Optimum Hiper-Parametreler Kullanilarak Egitilmis Modellerin Performans Olciit

Skorlar1
Veri Seti Adi Dogruluk Kesinlik Duyarlilik AUC
TurEV-DB %77,82 %78,01 %76,95 %84,97
ANAD %99,71 %99,82 %99,04 %99,68
BanglaSER %59,55 %59,08 %61,17 %74,98
TESS %98,90 %98,80 %98,77 %99,34
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Tablo 3’te yer alan sonuglar incelendiginde en yiiksek dogrulugun ANAD veri setinde,
en diisiikk dogrulugun ise BanglaSER veri setinde elde edildigi goriilmiistiir. Ozellikle
BanglaSER veri setinde dogruluk oranlar1 diger veri setlerine gore diisiik olarak
gozlemlenmistir. Model performanslarinin daha iyi degerlendirilebilmesi i¢in smif bazinda
performans skorlarina da bakilmasi biiyiik 6nem arz etmektedir. Bu baglamda her bir veri seti

i¢in siif bazinda kesinlik-duyarhilik grafikleri ¢izilmistir. $ekil 2-5 arasinda ¢izilen bu grafikler

gosterilmektedir.

Kesinlik

TurtEV-DB Veri Seti icin Kesinlik vs. Duyarlilik Egrisi

1.0 4

0.9

0.8 4

0.7 4

0.6 4

0.5

0.4 4

0.3 4

0.2 4

0.0 0.2 0.4 0.6 0.8 1.0
Duyarhilik

Sekil 2: TurEV-DB Veri Seti i¢in Kesinlik vs Duyarlilik Egrisi

Kesinlik

ANAD Veri Seti icin Kesinlik vs. Duyarlilhk Egrisi

1.0
0.8 4
0.6
0.4
02 — kzagin
—— mutlu
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Duyarhilik

Sekil 3: ANAD Veri Seti igin Kesinlik vs Duyarlilik Egrisi
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BanglaSer Veri Seti icin Kesinlik vs. Duyarlilik Egrisi
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Sekil 4: BanglaSER Veri Seti i¢in Kesinlik vs Duyarlilik Egrisi

TESS Veri Seti icin Kesinlik vs. Duyarhlik Egrisi
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Sekil 5: TESS Veri Seti I¢in Kesinlik vs Duyarlilik Egrisi

Sekil 2'de yer alan grafik incelendiginde, TurEV-DB veri seti i¢in en iyi egrinin “lizgiin”,
en kotli egrinin ise “sakin” smif ile elde edildigi gozlemlenmistir. “Kizgin” ve “mutlu”
siniflarina ait egrilerin ise birbirine yakin bir ¢izge takip ettigi goriilmektedir. Sekil 3'te yer
alan grafik incelendiginde ANAD veri set i¢in tiim smniflarin neredeyse miikemmel bir egriye
sahip oldugu goriilmektedir. Sekil 4'te yer alan grafik incelendiginde BanglaSER veri seti i¢in
“notr” ve “kizgm” veri simiflarina ait egrilerin diger siniflara gore daha iyi bir performansa
sahip oldugu goriilmektedir. Sekil 5'te yer alan grafik incelendiginde TESS veri seti igin
“sasirmis” smifi harig tiim siniflarin neredeyse mitkemmel bir egriye sahip oldugu, “sasirmis”

sinifinin ise digerlerine gore biraz daha koétii bir egriye sahip oldugu goriilmektedir.

N YV




AJIT-e Academic Journal of Information Technology

2025 Summer/Yaz — Cilt/Vol: 16 - Say/Issue: 3
d. | 10.5824/ajite.2025.03.003.x

Elde edilen sonuglar literatiir ile karsilastirldiginda TurEV-DB veri seti igin
literatiirden daha kotii sonug elde edilmis, BanglaSER veri seti igin literatiir ile benzer fakat
biraz daha iyi sonuglar elde edilmis, ANAD ve TESS veri seti i¢gin ise literatlirden daha iyi
sonuglar elde edilmistir. Bu baglamda, calismamizda elde edilen sonuglar BanglaSER veri seti
i¢in Aziz ve digerleri tarafindan veri ¢ogaltma yapilmadan (¢alismamizdakine benzer sekilde)
elde edilen sonuglar ile (Aziz et al., 2023), TESS veri seti i¢in Sankara Pandiammal ve digerleri
tarafindan yapilan c¢alisma ile (Sankara Pandiammal et al., 2024), ANAD veri seti igin ise
Albasan tarafindan yapilan ve Ismaiel ve digerleri tarafindan yapilan galismalar (Alsabhan,
2023; Ismaiel et al., 2024) ile karsilastirilmistir. Model karsilastirma sonuglar1 tablo 4’te

gosterilmektedir.

Tablo 4: Onerilen Model ile Literatiir Sonuglarinin Karsilastirilmasi

Model Adi Veri Seti Adt Dogruluk
(Aziz et al., 2023) BanglaSER 59,00%
(Sankara Pandiammal et al., 2024) TESS 91,00%
(Alsabhan, 2023) ANAD 96,72%
(Ismaiel et al., 2024) ANAD 97,40%
Onerilen Model BanglaSER 59,55%
Onerilen Model TESS 98,90%
Onerilen Model ANAD 99,71%

Tablo 4’te yer alan sonuglar incelendiginde Onerilen modelin TESS ve ANAD veri
setleri icin en iyi sonuglar1 elde ettigi ve neredeyse hi¢ hata yapmadig1 gozlemlenmistir.
BanglaSER veri seti igin ise literatiire yakin ama literatiirden daha iyi bir sonug elde edildigi

goriilmektedir.
SONUCLAR VE TARTISMA

Bu ¢alismada, SER icin U-Net tabanli 6zgiin bir derin 6grenme modeli 6nerilmis ve
modelin performans: Tiirk¢e (TurEV-DB), ingilizce (TESS), Arapga (ANAD) ve Bangla
(BanglaSER) dillerinden dort farkli veri seti kullanilarak degerlendirilmistir. Onerilen model,
CNN ve FLC yapilarim1 bir araya getiren U-Net mimarisini temel almakta olup, hiper-
parametre optimizasyonu igin Bayesian optimizasyon yontemi kullanilmistir. Deney
sonuglary, modelin veri setlerine bagh olarak %56,55 ile %99,71 arasinda dogruluk oranlar1
elde ettigini gostermektedir. Deney sonuglar1 kapsaminda elde edilen bu sonuglar, modelin
farkli dillerdeki genelleme kabiliyetini ve U-Net mimarisinin SER alanindaki potansiyelini
ortaya koymaktadir.

Modelin performansi, veri setleri arasinda belirgin farkliliklar gdstermistir. Ozellikle

ANAD veri setinde %99,71 dogruluk oraniyla neredeyse miikemmel bir performans elde
edilmisken, TESS veri setinde %98,90 dogruluk oraniyla yiiksek bir basar1 saglanmistir. Bu

245 L



https://doi.org/10.5824/ajite.2025.03.003.x
https://doi.org/10.5824/ajite.2025.03.003.x

EmotionUnet: Konusma Duygu Tanima icin U-Net Tabanh Ozgiin Derin Ogrenme Modeli
Yasin Gormez

sonuglar, literatiirdeki diger calismalara kiyasla 6nemli bir gelisme sunmaktadir. Onerilen
modelin ANAD veri setindeki {istiin performansi, U-Net mimarisinin spektrogram
verilerindeki zaman-frekans ozelliklerini etkin bir sekilde yakalayabildigini ve Bayesian
optimizasyonun hiper-parametre ayarlamasinda sagladig1 avantajlar1 gostermektedir. Benzer
sekilde.

Bununla birlikte, BanglaSER veri setinde elde edilen %59,55 dogruluk orani, diger veri
setlerine kiyasla daha diisiik bir performans sergilemistir. BanglaSER veri setindeki diisiik
performansin, veri setinde var olan ses Ozelliklerinin benzerligi gibi faktorlerden
kaynaklandig1 6n goriilmektedir. Ozellikle Sekil 4’'te gosterilen kesinlik-duyarlilik egrileri,
“notr” ve “kizgin” smiflarin diger siniflara gore daha iyi performans sergiledigini ortaya
koymaktadir. Bu durum, Bangla dilindeki duygu ifadelerinin tonlama ve ritim farkliliklarimin
model tarafindan ayirt edilmesinde zorluklar yaratabilecegini diisiindiirmektedir. TurEV-DB
veri setinde ise %77,82 dogruluk orani elde edilmis olup, bu sonug literatiirdeki diger
calismalara kiyasla daha diisiik bir performans gostermistir. Sekil 2'de sunulan kesinlik-
duyarhilik egrileri, “{izgiin” smufinin en iyi performansi sergiledigini, ancak “sakin” smifinin
daha diisiik bir performans gosterdigini ortaya koymaktadir. Bu durum, Tiirkce dilindeki
sakin duygu ifadelerinin spektrogram ozelliklerinde diger duygulara kiyasla daha az belirgin
olabilecegini isaret etmektedir.

Onerilen U-Net tabanli modelin basarisin ardindaki temel faktorler, mimarinin
daraltict ve genisleyici yollarinin spektrogram verilerindeki hem yerel hem de kiiresel
desenleri etkin bir sekilde yakalayabilmesi ve Bayesian optimizasyonun hiper-parametre
segiminde sagladigi verimliliktir. Ozellikle, daraltict yolun dzellik sikistirma kapasitesi ve
genisleyici yolun 6zellik genisletme yetenegi, ses verilerindeki kisa ve uzun siireli olaylarin
taninmasinda 6nemli bir avantaj saglamaktadir. Bununla birlikte, modelin bazi veri setlerinde
(0zellikle BanglaSER ve TurEV-DB) daha diisiik performans gostermesi, dil-spesifik
ozelliklerin ve veri seti boyutlarinin modelin genelleme Kkabiliyetini etkiledigini
gostermektedir.

Gelecek calismalar igin Onerilen modelin performansini artirmak amaciyla birkag
strateji Onerilmektedir. Ik olarak, ses verileri gibi zaman serisi verilerinde siklikla basarili
sonuglar veren uzun kisa vadeli bellek (LSTM) aglar1 ve Transformer tabanli katmanlar
modele entegre edilerek Ozellikle BanglaSER ve TurEV-DB veri setlerindeki performansin
iyilestirilmesi hedeflenmektedir. Ikinci olarak, veri cogaltma teknikleri kullanilarak veri
setlerinin boyutunun artirilmasmin, modelin genelleme kabiliyetini giiclendirebilecegi 6n
goriilmektedir. Ugiincii olarak, farkl dillerden daha fazla veri seti ile modelin dil bagimsizlig
test edilerek, U-Net tabanli mimarinin evrensel bir SER ¢6ziimii olarak potansiyelinin
degerlendirilmesi amaglanmaktadir.

TESEKKUR

Bu arastirmada yer alan tiim niimerik hesaplamalar TUBITAK ULAKBIM, Yiiksek
Basarim ve Grid Hesaplama Merkezi'nde (TRUBA kaynaklarinda) gergeklestirilmistir.
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Anahtar
Kelimeler

Bu ¢aligmada, Tiirkiye adresli ve Web of Science (WoS) veri tabaninda indekslenen, bilgi bilimi
alaninda yapay zeka konulu 74 makale bibliyometrik yontemlerle analiz edilmistir. 1994-2024
yullary arasini kapsayan bu analiz kapsaminda, Tiirkiye'de bilgi bilimi disiplininde yapay zeka
arastirmalarimin zaman icerisindeki gelisimini degerlendirmek amaciyla; yazar is birligi
aglari, en ¢ok atif alan calismalar, yayinlarim dergi dagilimlari, tematik odak noktalar: ve
aragtirma egilimleri gibi cesitli boyutlar incelenmistir.

Calismanin sonuglari, 2000°li yillardan itibaren Tiirkiye merkezli bilgi bilimi yayinlarinin
artis gosterdigini, ozellikle son on yilda uluslararas: is birliklerinin ve atif performansinin
onemli olciide arttigimi gOstermektedir. Bununla birlikte, analizler, en cok tercih edilen
dergileri, sik kullamilan anahtar kelimeleri ve ilgili alandaki etkili yazarlar: belirlemistir.
Alandaki arastirma egilimlerini ve akademik iiretimin dinamiklerini daha iyi anlamak icin
bibliyometrik yontemler kullanilmigtir.

Bu caligmanin, bilgi bilimi alanimda Tiirkiye nin uluslararas: bilimsel goriiniirliigiinii ve
katkilarimi  anlamamiza yardimct olacagr beklenmektedir. Arastirmacilarin ve politika
yapiclarin bu  calismamn  bulgularimi  kullanarak  stratejik  planlama  yapabilecegi

diisiintilmektedir.

Bilgi ve Belge Yonetimi, Bilgi Bilim, Yapay Zeka, Bibliyometrik Analiz

Artificial Intelligence Research in the Field of Information Science in
Turkey: A Bibliometric Analysis of Web of Science Indexed

ABSTRACT

Publications (1994-2024)

In this study, 74 articles addressing artificial intelligence within the field of information
science, indexed in the Web of Science (WoS) database and affiliated with Turkey, were
analyzed using bibliometric methods. Covering the period between 1994 and 2024, the
analysis examines various dimensions such as the evolution of artificial intelligence research
within Turkey’s information science discipline over time, author collaboration networks, the
most highly cited works, journal distributions, thematic focuses, and research trends.

The results of the study reveal that, starting from the 2000s, information science publications
originating from Turkey have shown a notable increase, with a significant rise in international
collaborations and citation performance particularly over the past decade. Furthermore, the
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analyses identified the most preferred journals, frequently used keywords, and influential
authors within the field. Bibliometric methods were utilized to gain a deeper understanding of
research trends and the dynamics of academic production in the domain.

It is anticipated that this study will contribute to a better understanding of Turkey’s
international scientific visibility and contributions in the field of information science. It is also
considered that researchers and policymakers may utilize the findings of this study for

strategic planning purposes.

Keywords : Information and Document Management, Information Science, Artificial
Intelligence, Bibliometric Analysis
GIRIS
Yapay zeka (YZ) bilimi, son yillarda diinya genelinde hizla gelisen bir arastirma alani

haline gelmistir. YZ teknolojileri; bilgi yonetimi, bilgi analitigi, bilgi kesfi ve bilgiye erisim
gibi bircok uygulama alaninda koklii degisimlere yol agmistir (Russell & Norvig, 2016;
LeCun, Bengio & Hinton, 2015). Tiirkiye'de de yapay zeka alaninda ytiriitiilen arastirmalarmn
ve bilimsel ¢alismalarin 6nemli dl¢lide arttig1 gozlemlenmektedir. Bu baglamda, Web of
Science (WoS) veri tabaninda indekslenen Tiirkiye adresli arastirmalarin incelenmesi;
bilimsel {iretim stireclerinin, uluslararasi is birligi diizeylerinin ve arastirma egilimlerinin

anlagilmasi agisindan 6nemli bilgiler sunma potansiyeline sahiptir.

Bibliyometrik analizler, bilimsel literatiiriin gelisimini anlamak, arastirma egilimlerini
ortaya koymak ve akademik is birliklerini belirlemek amaciyla yaygin olarak kullanilan
yontemlerdir (Leydesdorff & Bornmann, 2011; Aghaei et al., 2013; Velmurugan, 2013). Bu
yontemler, belirli bir alandaki literatiiriin yapisal ve tematik dinamiklerini kavramak ve bu
dogrultuda etkili arastirma politikalar gelistirmek agisindan biiyiik onem tasimaktadir
(Uzun & Oztiirk, 2022). Bilgi bilimi alaninda Tiirkiye'nin yapay zeka temelli calismalarini
incelemek ise, ulusal bilim politikalarinin yonlendirilmesine katki saglarken ayni zamanda
tilkenin uluslararasi bilimsel goriintirliiglinii artirma acgisindan da 6nemli bir firsat

sunmaktadir.

Bu c¢alisma, 1994-2024 yillar1 arasinda Web of Science (WoS) veri tabaninda
indekslenen ve Tiirkiye adresli bilgi bilimi alanindaki yapay zeka temali 74 makaleyi
bibliyometrik yontemlerle incelemektedir. Arastirma kapsaminda, Tiirkiye'de bilgi bilimi
disiplini icinde yapay zeka calismalarinin gelisimi; yazar is birligi aglari, tematik odaklar,
arastirma egilimleri ve atif performanslari gibi gesitli boyutlarda analiz edilmistir. Calismanin
temel amaci, Tiirkiye'nin bu alandaki bilimsel tiretimini ve bu {iretimin uluslararasi diizeydeki
gortiniirliigiinii ortaya koymaktir. Ayrica, en ¢ok tercih edilen dergiler, 6ne ¢ikan yazarlar ve
stk kullanilan anahtar kelimelere iliskin bulgular, bilgi bilimi alanindaki yapay zeka
aragtirmalarmin temel dinamiklerini anlamada 6nemli katkilar sunmaktadir. Elde edilen

bulgularin, Tiirkiye'de yeni bilim politikalarinin gelistirilmesine ve akademik is birliklerinin

[ om



https://doi.org/10.5824/ajite.2025.03.004.x
https://doi.org/10.5824/ajite.2025.03.004.x

Tiirkiye’nin Bilgi Bilim Alaminda Yapay Zeka Arastirmalari: Web of Science indeksli Yaymlarm Bibliyometrik
Analizi (1994-2024)
Okan Kog

giiclendirilmesine katki saglayacagi ongoriilmektedir. Ulkelerin bilimsel basarilarim
artirmalar1 ve kiiresel Olgekte rekabet edebilmeleri agisindan bilim politikalar: stratejik bir
onem tasimaktadir. Ozellikle 20001 yillardan itibaren Tiirkiye'de, uluslararasi atif
performanslar1 ve arastirma is birliklerine odaklanan ¢alismalarin sayisinda belirgin bir artis
gozlemlenmektedir. Bu egilim, Tiirkiye'nin akademik alanda daha etkin bir konum

benimsedigini ve bilimsel tiretim siireclerine daha fazla odaklandigini ortaya koymaktadir.
1. LITERATURE BAKIS

Bilimsel {iretim siireclerinin nicel yonlerini analiz etmeye yonelik bibliyometrik
calismalar, 6zellikle bilgi bilimi ve yapay zeka gibi hizla gelisen alanlarda, akademik etkinin
degerlendirilmesi ve arastirma egilimlerinin izlenmesi agisindan 6nemli bir ara¢ olarak
kullanilmaktadir. Bu boliimde, bibliyometrik analiz yontemlerinin literature dayali olarak

gecirmis oldugustireg kronolojik bir ¢ercevede ele alinmaktadir.

Bibliyometrik ~ yontemlerin  olanaklar1 ve  sirlhiliklarina  iliskin  erken
degerlendirmelerden biri Wallin (2005) tarafindan yapilmistir. Wallin, bibliyometrik
analizlerin bilimsel kaliteyi 6n plana ¢ikarmaktan ziyade, goriiniirliik ve etkiyi ol¢tiigiinii
belirterek bu yontemlerin smirliigina dikket c¢ekmistir. Wallin’in ¢alismasi, bilimsel
degerlendirme siireclerinde bibliyometrik analizlerin nasil daha etkili kullanilabilecegine dair

onemli bir uyari niteligindedir.

Ding, Yan, Frazho ve Caverlee (2009), PageRank algoritmasi temelinde yazar es-atif
aglarini incelemis ve bilimsel etki 6l¢limiinde tek basina atif sayisinin yeterli olmayacagini, ag
icindeki merkeziyetin de 6nemli oldugunu ortaya koymustur. Ilgili calisma, klasik atif
analizlerine alternatif olarak ayni zamanda daha nitelikli ve derinlemesine baglantilar1 ortaya

cikaracak yontemlerin bibliyometrik analizlerde uygulanabilirligini gostermistir.

Chang, Huang ve Lin (2015) ise bilgi ve belge yoOnetimi alanindaki arastirma
konularinin zaman i¢indeki evrimini anahtar kelime, bibliyografik eslesme ve es-atif analizleri
ile incelemistir. Calisma, “bilgi arama ve erisim” temalarindaki genel degisimin seyrini ortaya

koymakla birlikte, “bibliyometrik analizin” 6nemini de ortaya koymustur.

Ayni yil yayimlanan bir diger kapsamli analizde Ellegaard ve Wallin (2015),
bibliyometrik yontemlerin bilimsel iiretim {izerindeki etkisini incelemis ve bu yontemlerin
tarkli disiplinlerde yayginlagsmasini, ¢ok yazarli, ¢ok disiplinli yayinlar: 6ne ¢ikarmada etkili
bir yontem olarak kullanilmas: gerektigini belirtmistir. Ayrica, disiplinler aras1 ¢calismalarin

yazar ve atif dlizeyi acisindan daha yiiksek etki yarattig1 vurgulanmistir.

Liu, Yin, Liu ve Dunford (2015), yenilik sistemleri arastirmalarmin bibliyometrik bir
gorsellestirmesini sunarak, alanin entelektiiel yapisin1 ve evrimsel dontisiimiinii CiteSpace
araciligiyla ortaya koymuslardir. 1lgili calisma, bibliyometrik araglarin sosyal bilimlerdeki

uygulamalarina 6rnek tegkil etmekte, alana 6zgii is birligi aglarinin nasil ortaya c¢ikarilacagimi
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vurgulamakta ve arastirma alanlarinin tematik kiimelenmesini gorsel olarak ortaya

koymaktadir.

Tahamtan, Safipour Afshar ve Ahamdzadeh (2016), bibliyometrik analizler ile atif alma
oranlarmi etkileyen faktorlerin tespit edilmesi, makale yapisi, dergi prestiji ve yazar gegmisi
gibi etmenlerin etki diizeyinin Olgiilmesinin bilimsel iiretim agisindan Onemini ortaya
koymuslardir. Ilgili galisma, niceliksel gdstergelerin Stesine gegerek atif dinamiklerine dair

daha karmagik iligkiler analiz edilmesinin 6nemini vurgulamaktadir.

Van Eck ve Waltman (2010) tarafindan gelistirilen VOSviewer yazilimi, bilimsel
yayinlara iligkin haritalama siirecinde gorsellestirmenin énemini ortaya koymustur. Bu arag,
ozellikle anahtar kelime aglari, es-atif yapilar1 ve tematik kiimelenmeleri analiz etmek igin
onemli bir metodolojik yenilik sunmustur. Bibliyometrik analizlerin daha erisilebilir ve
yorumlanabilir olmasimna katk: saglayan bu arag, literatiir haritalama tekniklerinde yeni bir

donemi baglatmistir.

Son olarak Donthu, Kumar, Mukherjee, Pandey ve Lim (2021), bibliyometrik analiz
yontemlerine yonelik kapsamli bir rehber sunmus ve performans analizi, bilimsel haritalama,
atif ve es-atif analizleri gibi teknikleri uygulamali 6rneklerle detaylandirmistir. Bu calisma,
aragtirmacilara alan taramas ve stratejik yaym politikalar1 gelistirme agisindan yon gosterici
niteliktedir. YZ teknolojileri; bilgi yonetimi, bilgi analitigi, bilgi kesfi ve bilgiye erisim gibi
bir¢ok uygulama alaninda bibliyometrik analizlerin etkinligini artirarak arastirmacilara daha

kapsamli, hizl1 ve stratejik degerlendirmeler yapma olanagi sunmaktadir.

2. AMAC VE YONTEM
2.1.Amag

Bu ¢alismanin amaci, 1994-2024 yillar1 arasinda Web of Science (WoS) veri tabaninda
indekslenen ve Tiirkiye adresli bilgi bilimi alanindaki yapay zeka temali akademik yaymlar:
bibliyometrik yontemlerle inceleyerek, bu alandaki bilimsel {iretim egilimlerini, is birligi
aglarimi, tematik odaklar1 ve atif performanslarin1 ortaya koymaktir. Elde edilen bulgular
dogrultusunda, Tiirkiye'nin bilgi bilimi disiplini i¢inde yapay zeka alanindaki gelisiminin
degerlendirilmesi ve bu gelisimin ulusal bilim politikalari ile uluslararasi bilimsel goriintirliik
acisindan nasil bir potansiyel tasidigina 1sik tutulmasi hedeflenmektedir. Ayrica, 6ne ¢ikan
yazarlar, tercih edilen dergiler ve sik kullanilan anahtar kelimeler gibi gostergeler araciligiyla,

alandaki temel dinamiklerin belirlenmesi amaglanmaktadir.
2.2. Yontem

Bu arastirmada, bibliyometrik analizi yontemi kullanilmistir. Bibliyometrik analiz,

bilimsel literatiiriin niceliksel ve niteliksel yoOnlerini incelemek, arastirma egilimlerini
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belirlemek ve bilimsel isbirligi yapilarmi haritalamak igin yaygm olarak kullanilan bir
yontemdir (Donthu, Kumar, Mukherjee, Pandey & Lim, 2021).

Arastirmanin temel asamalar1 asagidaki gibi diizenlenmistir;

1. Veri Toplama: Arastirmanin veri seti, "bilgi bilimi" ve "yapay zeka" terimlerini
iceren WoS veritabanindan toplanmigtir. Veriler, 1994-2024 yillar1 arasinda
yayinlanan 74 makaleyi igerir.

2. Veri Analizi: Toplanan veriler bibliyometrik analize tabi tutulmus olup, analiz
i¢in R Studio'dan Bibliometrix sistemi kullanilmistir. Bibliometrix araciligiyla en
etkili yayimlar ve en ¢ok atif alan ¢alismalar belirlenmis, ¢alismalara yapilan atif

sayilar1 incelenmis, kelime analizi noktasinda tematik haritalar olusturulmustur.

3. BULGULAR
3.1. Genel Bilgi

Bu boliimde, bibliyometrik analiz dogrultusunda elde edilen bulgulara yer verilmistir.

Timespan Documents Annual Growth Rate

1994:2024 74 8.64 %

Authors Authors of single-authored docs International Co-Authorship Co-Authors per Doc

194 12 27.03 % 2.82

Author's Keywords (DE) References Document Average Age Average citations per doc

306 3440 6.18 28.04

Gorsel 1: Genel Degerlendirme

Bu calisma, genel olarak 1994-2024 yillar1 arasindaki otuz yillik bir donemi
kapsamaktadir. Bu sayede, bilgi bilimi alaninda yapay zeka temelli arastirmalarin tarihsel
gelisimini degerlendirmek miimkiin hale gelmistir. Analiz kapsaminda 36 farkli kaynak
kullanilmis olup, bu durum ¢alismanin kapsaml bir literatiir taramasiyla desteklendigini
gostermektedir. Incelenen toplam 74 makale, bilgi bilimi literatiiriindeki yapay zeka odakli

akademik tiretimin 6nemli bir 6rneklemini olusturmaktadr.

Gorsel 1'de yer alan bulgulara gore, yillik yayin artis orani %8,64 olarak hesaplanmaistir.
Bu oran, yapay zeka konusunun bilgi bilimi disiplini igerisinde 6zellikle son yillarda artan bir
ilgiyle ele alindigimi gostermektedir. Calismalara toplamda 194 yazar katki saglamis; bu
durum, alandaki akademik {iretimin hem yazar cesitliligi hem de is birligine dayali bir yap:
sergiledigini ortaya koymustur. Incelenen yaymlarin 12’si tek yazarli olarak

gerceklestirilmistir. Ayrica, makalelerin %27’sinde uluslararasi is birligi tespit edilmistir. Bu
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oran, Tiirkiye'nin bilgi bilimi alaninda kiiresel 6lgekte giiclii baglantilara sahip oldugunu ve

uluslararas1 akademik projelere acik bir konumda bulundugunu gostermektedir.

Gorsel 1'de yer alan bibliyometrik verilere gore, her bir belgeye ortalama 2,82 ortak
yazar diismektedir. Bu durum, bilgi bilimi alaninda yapay zeka temelli bilimsel tiretimin
biiyiik Olciide ekip calismasma dayandigmi ve is birligi diizeyinin yiiksek oldugunu
gostermektedir. Analizde kullanilan toplam 306 anahtar kelime, yapay zeka ve bilgi bilimi

alanindaki ¢alismalarin genis bir tematik gesitlilik barindirdigini ortaya koymaktadir.

Ayrica, analiz edilen 74 makalede toplam 3440 atif referansinin yer almasi, ¢alismanin
literatiirle giiclii bir bag kurdugunu ve kapsamli bir akademik zemine dayandiginm
gostermektedir. Belgelerin ortalama yas1 6,18 yil olarak hesaplanmustir. Bu veri, analiz edilen
calismalarin biiyiik oOlciide giincel oldugunu ve mevcut arastirma egilimlerini yansittigini
gostermektedir. Ote yandan, her bir yaymin ortalama 28,04 atif almig olmast, bu galismalarin
akademik etki diizeyinin yiiksek oldugunu ve alanda dikkate deger bir goriiniirliige sahip

oldugunu ortaya koymaktadir.

Ayrica, analiz edilen 74 makalede toplam 3440 atif referansinin yer almasi, calismanin
literatiirle giiclii bir bag kurdugunu ve kapsamli bir akademik zemine dayandiginm
gostermektedir. Belgelerin ortalama yas1 6,18 yil olarak hesaplanmistir. Bu veri, analiz edilen
calismalarin biiyiik oOlgiide giincel oldugunu ve mevcut arastirma egilimlerini yansittigini
gostermektedir. Ote yandan, her bir yayinin ortalama 28,04 atif almis olmasi, bu galismalarin
akademik etki diizeyinin yiiksek oldugunu ve alanda dikkate deger bir goriiniirliige sahip

oldugunu ortaya koymaktadir.

3.2. Yayinlarin Ulkelere Gore Dagilim1

HINDISTAN
RUSYA
BIRLESIK ARAP EMIRLIKLERI
NIJERYA
KANADA
cin
RAN
AZERBAYCAN
HINDISTAN

Grafik 1: Yaymlarin iilkere gore dagilimi
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Bayesian optimizasyon, oOzellikle hesaplamali olarak pahali ve zaman alicl
fonksiyonlar1 optimize etmek icin kullanilmaktadir. Bayesian optimizasyon yaklasimi, bir
Grafik 1'de yer alan bulgulara gore, Tiirkiye adresli yapay zeka ve bilgi bilimi temal:
yayinlarda is birligi yapilan iilkeler arasinda ilk sirada Amerika Birlesik Devletleri (ABD) yer
almaktadir.

ABD (6 yayin): En fazla yayina sahip tilke ABD'dir. Bu, Amerika Birlesik Devletlerinin
bilgi bilimi ve yapay zeka alanlarinda gii¢lii akademik altyapisina ve liderligine isaret
etmektedir. Amerika Birlesik Devletlerinin 6nde gelen ({iniversiteleri ve arastirma

merkezlerinin bu alanda 6nemli bir rol oynadig diisiiniilmektedir.

Ispanya (4 yaym)i: Ispanya, Avrupa'daki bilgi bilimi arastirmalarinda ikinci sirada yer
almaktadir. Aragtirma ve is birligi fonlarmin Avrupa Birligi tarafindan saglanmasinin bu

yaygmligr artirdig diisiintilmektedir.

Hindistan (2 yaym): Hindistan, gelismekte olan {ilkelere bilgi bilimi ve yapay zeka
alanlarinda 6nemli katkilar saglamistir. Daha fazla teknoloji yatirimi ve genis akademik

aglarin bu sonuca katkida bulundugu diistiniilmektedir.

Diger Ulkeler (1 yayin): Rusya, Birlesik Arap Emirlikleri, Nijerya, Kanada, Cin, Iran,
Fas ve Azerbaycan birer yayindan olusmaktadir. Bu tilkeler, bilgi bilimi ve yapay zekaya ¢ok

az katkida bulunmalarina ragmen bu alanlarda 6nemli bir yere sahiptir.

E—

Gorsel 2: En Cok Birlikte Calisilan Ulkeler
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3.3. Yayinlarin Yazarlara Gore Dagilimi
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Grafik 2: Yayinlarin Yazarlara Gore Dagilimi

Grafik 2 incelendiginde, bilgi bilimi alaninda yapay zeka konulu yayinlarda en fazla
sayida yayina sahip yazarlar olarak Giindogan E., Kaya M. ve Onan A. 6ne ¢ikmaktadir. Bu
bulgu, s6z konusu arastirmacilarin alanda aktif olarak calistiklarmi ve yiiksek diizeyde
bilimsel iiretkenlige sahip olduklarini gostermektedir. Ilgili yazarlarin aragtirma profilleri,
yapay zeka teknolojilerinin bilgi yonetimi, metin madenciligi ve bilgi erisimi gibi alt alanlarma
odaklanarak bilgi bilimi literatiiriine 6nemli katkilar sunduklarmni ortaya koymaktadir. Bu
durum ayn1 zamanda Tiirkiye'de bu alanda uzmanlasmis akademik odaklarin olustugunu da

gostermesi agisindan dikkat gekicidir.

Diger Yazarlar (2 Yayin): Alagha O., Aykanat C., Cambazoglu B.B., Ganiz M.C., Karaca
F., Kiiciikyllmaz T. ve Uzun E. Bu yazarlar da bilgi bilimi alaninda gerceklestirdikleri bagarili

calismalarla bilimsel tiretime 6nemli katkilarda bulunmuslardir.

Grafik 2'ye gore, alandaki yayinlarin 6nemli bir kismi ilk on yazarin katkilariyla
sekillenmistir; bu durum, belirli arastirmacilarin bilgi bilimi ve yapay zeka kesisimindeki
calismalarda oOne ¢ktgimi ve literatiire yon veren bir konumda bulunduklarmi

gostermektedir.
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3.4. Yayinlarin Dergilere Gére Dagilim
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Grafik 3: Yayimlarin Dergilere Gore Dagilimi

Grafik 3’e gore, incelenen 74 yayidan 36’sinn yalnizca 10 dergide yayimlandig: goriilmektedir.
Bu durum, s6z konusu dergilerde yayimlanan calismalarin toplam yaymlarin yaklasik %48,6'smni1

olusturdugunu gostermektedir.

Information Processing & Management: Analiz edilen yayinlar arasinda 16 yayin ile en fazla
tercih edilen dergi olarak one ¢ikmaktadir. Bu durum, derginin bilgi yonetimi, bilgi isleme ve ilgili
alanlarda 6nemli bir akademik etkiye sahip oldugunu gostermektedir. Yiiksek yayin sayisi, bu derginin
Tiirkiye’de alaninda lider bir konumda oldugunu ve arastirmacilarin ¢alismalarini yayimlamak icin

siklikla bu dergiyi tercih ettiklerini ortaya koymaktadir.

Journal of Information Science: 8 yaymn ile en ok yayin yapilan ikinci dergidir. Tlgili dergi, bilgi
bilimi alanindaki aragtirmalar1 yayimlamak igin etkili bir platform olarak one ¢ikmaktadir.
Aragtirmacilarin bu dergiyi tercih etme nedeninin, derginin alandaki genis kapsama alani ve sahip

oldugu akademik prestij oldugu degerlendirilmektedir.

Bu iki dergide yayimlanan ¢alismalarin orani toplamda %32,4 olarak hesaplanmistir. Bu durum,
ilgili alanda galisan arastirmacilarin biiyiik olgiide bu iki dergiyi tercih ettiklerini ve s6z konusu
dergilerin, hedef kitle acisindan yayin siireglerinde kritik bir rol oynadigim gostermektedir. Bu tercihin,

dergilerin akademik etki diizeyi ve alan i¢i goriiniirliigiiyle iliskili oldugu diistiniilmektedir.
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3.5. Yayinlarin Yillara Gore Dagilimi
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Grafik 4: Yaymnlarin Yillara Gore Dagilimi

Grafik 4 degerlendirildiginde bilimsel yayinlarin yillara gore degisiminde ii¢ temel donem
dikkat cekmektedir:

1990°'lardan 2010'lara Kadar Diisiik Uretim: 1990'larm basindan 201071ara kadar olan dénemde,
bilimsel ¢alismalara ayrilan kaynaklarin simirli olmasi veya odaklamilan arastirma alanlarmin kisitl
kalmas: nedeniyle yayin sayilarmin oldukca diisiik seviyelerde (genellikle 1-2 yayin) seyrettigi
goriilmektedir.

2010'dan Sonra Artis Baslangici: Konuya iliskin yaymn sayilarmin 2010 yilindan itibaren
artmaya basladigi, 6zellikle 2016 yilindan sonra belirgin bir yiikselis egilimi gosterdigi tespit edilmistir.
Yayin sayisindaki bu artisin; yeni projelerin finanse edilmesi, teknolojik altyapinin gelismesi ve

akademik is birliklerinin artmasi gibi faktorlerden kaynaklandig diisiiniilmektedir.

2018 we Sonrast Hizlr Biiyiime: 2018 yilindan itibaren dikkat cekici bir artis ivmesi
gozlemlenmekte olup, bu egilimin 2024 yilina kadar hizlanarak devam ettigi anlasilmaktadir. 2024
yilinda en fazla makalenin yayimlandig1 belirlenmistir. Bu durum, bilimsel ¢alismalarin daha diizenli

bir sekilde desteklendigini ve ilgili alanlara yonelik ilgi ile kaynak tahsisinin arttigini gostermektedir.
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3.6. Yayinlarin Kurum, Yazar ve Ulkelere Gore Dagilimi
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Grafik 5: Yayimlarin Kurum, Yazar ve Ulkelere Gore Dagilimi Veren Sankey Diyagrami

Yazarlarin biiyiik bir kisminin Fatih Universitesi, Celal Bayar Universitesi, Marmara

Universitesi, Namik Kemal Universitesi, Hacettepe Universitesi ve Bilkent Universitesi gibi

Tiirkiye'nin 6nde gelen {iniversitelerinde gorev yaptig1 goriilmektedir. Akyanat C., Kaya M.,

Giindogan E., Karaca F. ve Al-Turjman F. gibi aragtirmacilarin ise farkli kurumlar ve tilkelerle

is birligi icinde galistiklari tespit edilmistir. Yaymlarin, dzellikle ABD, Ispanya, Birlesik Krallik,

Isvicre ve Azerbaycan gibi iilkelerle olan iliskiler cercevesinde uluslararasi is birligi

kapsaminda gerceklestirildigi anlagilmaktadir. Ilgili diyagram, Tiirk iiniversiteleri ve

arastirmacilarinin yapay zeka alanindaki hem yerel hem de uluslararas: bilimsel ¢alismalarda

aktif bir sekilde yer aldiklarini ortaya koymaktadir.

3.7. Yazarlar Aras1 Isbirligi
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Grafik 6: Yazarlar Arasi Is Birligi
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Giiclii Is birligi Gruplaru:

Kiiciikyilmaz T, Cambazoglu BB ve Aykanat C: Bu grup, is birligi aginda dikkat ¢ekici
bir rol oynamaktadir. Ug yazar arasinda giiclii bir bag ve is birligi oldugu
goriilmektedir.

Gundogan E ve Kaya M: Bu yazarlarin da birlikte ¢alistign goriilmektedir. Iki yazar
arasindaki gliclii baglanti, akademik ortakligin etkin ve siirekli oldugunu
gostermektedir.

Alagha O ve Betul A: Bu grup daha kiigiik bir arastirma grubunu temsil etmekte olup,
is birligi aginda daha az baglantiya sahiptir.

Bagimsiz Gruplar:

Gorselde yer alan baz kiigiik arastirma gruplari (Ozmutlu S. ve Ozmutlu H.C.; Balcilar
M. ve Bolat B.) yalnizca kendi aralarinda ¢alismaktadir. Bu durum, s6z konusu ¢alismalarin
ayni  kurumda yiritildiigiini  veya belirli bir proje etrafinda sekillendigini

distindiirmektedir.
Genis Isbirligi Aglart Eksikligi:

Grafik 6, genel olarak kiiglik gruplar ve smirli baglantilardan olusan bir yapiyr ortaya
koymaktadir. Cok sayida yazarin yer aldig1 genis bir is birligi agina rastlanmamaktadir. Bu
durum, yazarlarin ¢cogunlukla bireysel ya da kiiciik gruplar halinde c¢alistigini veya belirli

tematik alanlara yogunlastigini gostermektedir.
3.7. Yillara Gore Atif Analizi

Tablo 1: Yillara Gore Atif Analizi

Makaleye Diisen | flgili Yilda | Yillik Bazda | Atif  Alinabilecek
Y1l | Ortalama At1f Yayinlanan Makale | Ortalama Atif Yil
1994 |2,00 1 0,06 31
1997 17,00 1 0,61 28
1998 | 111,00 1 4,11 27
2004 |8,00 2 0,38 21
2007 |124,00 1 6,89 18
2008 | 21,67 3 1,27 17
2009 |51,33 3 3,21 16
2010 | 29,00 1 1,93 15
2011 | 25,00 1 1,79 14
2012 |0,00 1 0,00 13

Yiiksek Atif Alinan Yillar: Tablo 1'de goriildiigii tizere, en fazla atif alan makale 2007

yilinda yayimlanmis olup, makale basina ortalama 124 atif almistir. Bu durum, ilgili
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calismanin bilgi bilimi ve yapay zeka alaninda onemli bir etki yarattigin1 gostermektedir.
Benzer sekilde, 1998 yilinda yayimlanan makale 111 atif/makale ortalamasina, 2009 yilinda
yayimlanan makale ise 51,33 atif/makale ortalamasina sahiptir. Bu veriler, soz konusu yillarda
yayimlanan ¢alismalarin alanda yiiksek diizeyde akademik goriintirliige ve etkiye sahip
oldugunu ortaya koymaktadir. Ozellikle 2007 y1l1, 6,89 atif ortalamasi ile diger yillara kiyasla

acik ara one ¢ikmaktadir.

Calismada ayrica, en ¢ok atif alan ilk 10 makale Tablo 1'de detayli olarak listelenmistir.
Bu durum, az sayida ¢alismanin bile bilgi bilimi ve yapay zeka alanindaki akademik etkiyi

onemli Olciide sekillendirebildigini gostermektedir.

Citations

S

[ )

1994 1998 2007 2008 2011 2013 2016 2018 2020 2022 2024
Year

Grafik 7: Yillara Gore Ortalama Atif
Atif Sayilarinda Dalgalanma:

Yillara gore makalelere yapilan ortalama atif sayisini gosteren grafikte, 1990'l1 yillardan
2010'lara kadar genel olarak diisiik bir atif egilimi dikkat cekmektedir. Ozellikle 2007 ve 2018
yillarinda belirgin bir artis yasanmus olsa da bu artiglar kisa stireli olup uzun vadeli bir yiikselis

trendi olusturmamustur.

2007 yili civarinda ortalama atif sayisinda dikkat gekici bir artis yasanmis ve bu
donemde yayimlanan c¢alismalarin daha fazla ilgi gordiigii sOylenebilir. Benzer sekilde, 2018
yili ortalama atif sayisinin en yiiksek oldugu donemdir. Bu durum, ozellikle bu yilda
yaymmlanan calismanin genis bir etki alanma sahip oldugunu gostermektedir. Ancak 2020
sonrasi donemde ortalama atif sayisinda belirgin bir diisiis gozlemlenmistir. Bu diisiisiin

nedeni, glincel ¢alismalarin heniiz yeterli sayida atif almamis olmasi olabilir (Grafik 7).
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Grafik 8: Yaymlar Arasi Atf Tliskisi

Grafik 8'de, akademik vyaymlar arasindaki atif iligkileri ve kiimelenmeler
gorsellestirilmektedir. Her nokta veya diigiim bir yayini temsil ederken, diigtimler arasindaki
baglantilar bu yayinlar arasindaki atif iliskilerini gostermektedir. Renkler ise, yaymlarin belirli
tematik gruplara ayrildigini ve kendi ig¢inde daha yogun atif iligkileri bulunan kiimelerin

olustugunu ortaya koymaktadir.

Yesil Kiime (Aha DW 1991, Yiming Y 1997, Dietterich TG 2000): Bu kiime, veri
madenciligi ve makine 6grenimi ile ilgili kapsamli ¢caligmalar1 icermektedir.

Kirmizi Kiime (Pennington J 1532, Mikolov Tomas 2013, Hochreiter S 1997): Bu grup,
derin 6grenme ve dogal dil isleme (NLP) ile ilgili arastirmalara odaklanmaistir.

Mavi Kiime (Anonymous 2017, Cohen J 1960, Baluja S 2006): Bu grup istatistiksel
O0grenmeye odaklanmustir.

Pembe Kiime (Go A 2009, Altinel B 2014): Bu grup duygu analizi ve sosyal medya
iizerine ¢alismalar yapmustir.

Kahverengi Kiime (Goodfellow I 2016, Chalkidis I 2019): Derin 6grenme alaninda ve

diger alanlarda benzer galismalar yapmustir.

Bilimsel alandaki disiplinler arast iligkileri ve belirli arastirmalarin etkisini anlamada, yayinlar
arasi atif iligkileri giiclii bir analiz araci olarak kullanilmaktadir. flgili gérsel, Hochreiter (1997),
Mikolov (2013) ve Pennington (2013) gibi ¢alismalarin bilgi bilimi alaninda 6ne ¢ikan etkili

yaymlar oldugunu ortaya koymaktadir.
3.7. Anahtar Kelime Analizi

Arastirmaya dahil edilen makalelerde kullanilan 306 anahtar kelime analiz edilmistir.
Anahtar kelime bulutu, bir ¢alismanin temel odak noktalarini gorsel olarak sunan ve bu

odaklar1 hizli bigimde kavramaya yardimci olan etkili bir gorsellestirme aracidir. Bu tiir
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gorseller, yalnizca 6ne ¢ikan terimleri degil, ayn1 zamanda kelimeler arasindaki iligkileri ve
birlikte kullanim sikliklarin1 da ortaya koyarak, alamin yapisal dinamiklerine dair daha
derinlemesine bilgiler sunmaktadir. Bu baglamda, anahtar kelimeler arasindaki iligkilerin
analiz edilmesi, arastirma egilimlerinin, kavramsal kiimelerin ve tematik yonelimlerin
anlasilmasinda kritik bir rol oynamaktadir. Anahtar kelime bulutunun, veri kaynaklarmin
kapsamini ve disiplinler arasi etkilesimleri ortaya koymak agisindan énemli bir ara¢ oldugu

distintilmektedir.
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Gorsel 3: Anahtar Kelime Bulutu

Gorsel 3’e gore, en sik kullanilan anahtar kelimeler arasinda dogal dil isleme, derin
0grenme, makine 0grenimi ve yapay zeka one ¢ikmakta olup, bu terimlerin ¢alismalarda temel

konular olarak ele alindig1 goriilmektedir.

Machine Learning (Makine Ogrenimi): Calismalarda en ¢ok tercih edilen anahtar
kelimedir ve arastirmalarin biiyiik Olglide bu kavram etrafinda sekillendigini
gostermektedir.

Deep Learning (Derin Ogrenme): Makine 6grenimi ile yakindan iliskili olan derin
O0grenme kavrami da siklikla kullanilan anahtar kelimelerden biridir.

Artificial Intelligence (Yapay Zeki): Yapay zeka ifadesi de anahtar kelimeler arasinda
one ¢ikmakta olup, calismalarda yaygin bir sekilde tercih edildigi goriilmektedir.
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Grafik 9: Birlikte En Cok Tercih Edilen Anahtar Kelimeler

Grafik 9'da, anahtar kelimeler ve kavramlar arasindaki iligkileri gosteren bir baglant1
haritas1 sunulmaktadir. Haritada her bir diigtim bir anahtar kelimeyi temsil ederken,
diigiimler arasindaki cizgiler bu kelimeler arasindaki kavramsal ve baglamsal baglantilar
gostermektedir. Ayrica, diigiim boyutlar1 kelimenin literatiirdeki kullanim sikligini ve goreli

Oonemini yansitmaktadir.

Gorsellestirmeye gore, "Machine Learning" (Makine Ogrenimi) en merkezi ve en
bliylik diigiim olarak one ¢ikmaktadir. Bu durum, analiz edilen ¢alismalarin biiyiik 6lgiide
makine 6grenimi konusuna odaklandigini ve bu kavramin bilgi bilimi alaninda temel bir yap1

tas1 olarak kullanildigini gostermektedir.

"Deep Learning" (Derin Ogrenme) kavraminin, "Machine Learning" ile dogrudan ve
glclii bir baglanti iginde oldugu goriilmektedir. Bu iligski, derin Ogrenmenin makine
O0greniminin bir alt dali olarak degerlendirildigini ve ¢ogu ¢alismada bu sekilde ele alindigimni

distindtirmektedir.

Benzer sekilde, "Natural Language Processing” (Dogal Dil Isleme) terimi de hem
"Machine Learning" hem de "Deep Learning" ile dogrudan baglantilidir. Bu durum, dogal dil
islemenin bu iki teknolojiden yogun sekilde yararlandigini ve yapay zeka uygulamalarinda

siklikla birlikte kullanildiklarmi gostermektedir.

Tiim bu iligkiler, bilgi bilimi alaninda yapay zeka temelli ¢alismalarin, birbirine siki
bagli kavramsal yapilar iizerinden sekillendigini ve belirli teknoloji kiimeleri etrafinda

yogunlastigini diistindiirmektedir.
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Grafik 10: Baglikta En Sik Gegen Kelimeler

Grafik 10'da, akademik c¢alismalarin bagliklarinda en sik kullanilan kelimeler ve bu
kelimelerin tekrar sayilar1 gosterilmektedir. Elde edilen veriler, arastirmalarin hangi konulara

daha fazla 6nem verdigini anlamak agisindan 6énemlidir.

"Yaoay zeka" (5 kez): Basgliklarda en yaygin kullanilan kelime “yapay zeka”dir. Bu

durum, calismalarin yapay zekay1 birincil odak noktasi olarak ele aldigini gostermektedir.

"Tahmin" (5 kez): “Tahmin” kelimesi, basliklarda sik tercih edilen bir diger terim olarak
one ¢ikmaktadir. Bu durum, ¢alismalarin biiyiik 6l¢tide modelleme odakli oldugunu ve bu

yaklasimin dogrudan yapay zeka uygulamalariyla iligkili oldugunu diistindiirmektedir.
3.8. Kaynakc¢a Analizi

Akademik calismalar arasindaki iligskiyi belirlemek ve hangi kaynaklara hangi
yazarlarin atifta bulundugunu tespit etmek i¢in kaynakga analizi kullanilmistir. Kaynakga
analizi, ¢alismanin hangi dergilerde yaymlandigimi da gosterebilir. Asagidaki gorsel,

akademik yayinlardaki etkilesimlerin bir haritasini icermektedir.
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Grafik 11: Kaynakca Analizi

Anahtar Kaynaklar: Grafik 11’e bakildiginda, baz1 kaynaklarin digerlerine gére daha
fazla baglant1 icerdigi goriilmektedir. Ornegin, bircok yazarn Pennington J. (2014) ve
Dietterich T.G. (2000) gibi ¢alismalara siklikla atifta bulundugu tespit edilmistir. Hgili

literatiirde bu kaynaklarin oldukga 6nemli referanslar olarak kabul edildigi diistiniilmektedir.

Yazarlarin Yaynlarla Iliskisi: Bazi yazarlarin belirli yaymnlarla giiclii baglantilar
kurdugu gozlemlenmektedir. Ornegin, Onan A.'nin Pennington J. (2014) gibi calismalara stk

sik atifta bulundugu goriilmektedir.

Dergi Dagilimi: Grafik ayn1 zamanda atif yapilan calismalarin yayimlandig dergileri
de gostermektedir. Atifta bulunulan kaynaklar arasinda Journal of Information Science
dergisinin 6nemli bir konumda yer aldig1 anlasilmaktadir. Ayrica, Information Processing &
Management ve Scientometrics dergileri de siklikla bagvurulan diger yayin organlari olarak
one ¢ikmaktadir. Bu durum, s6z konusu dergilerin alandaki arastirmalarda etkili ve

yonlendirici bir rol oynadigini gostermektedir.
ANALIZ VE NiHAI DEGERLENDIiRME

Bu calisma, 1994’ten 2024’e kadar Tiirkiye'de yapay zeka ile ilgili akademik yaymlarin
bilimsel gelisimini ve akademik etkisini incelemektedir. Elde edilen bulgular, Tiirkiyenin
ozellikle son yillarda bilgi bilimi ve yapay zeka alanlarinda 6nemli bir {iretim artis1 yasadigin
ortaya koymaktadir. Uluslararas: is birliginde gozlenen artis ve akademik etkisi ytiiksek
yaymnlarin ~ varligi, Tirkiye'nin bu alandaki kiiresel bilimsel gortiniirligiini

gliclendirmektedir.

Yayinlarin dergi dagilimi, atif performansi, yazarlar arasi is birligi ve anahtar kelime

analizi gibi parametreler, bilgi bilimi kapsaminda yapay zeka konusuna duyulan ilginin
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giderek arttigin1 ve bu alanda gelismekte olan bir akademik altyapinin olustugunu
gostermektedir. Konuya iliskin bibliyometrik analiz sonuglari, yiiriitiilen ¢alismalarin bilimsel

etkisinin ne diizeyde oldugunu ve bu etkinin zamanla nasil sekillendigini ortaya koymaktadur.
Bu dogrultuda, konuyla ilgili tavsiyeleri asagidaki gibi siralamak miimkiindiir;

e Tiirkiye'deki akademisyenlerin, bilgi bilimi ve yapay zeka alanindaki uluslararas: is
birliklerini artirmak ve bilimsel goriiniirliiklerini giiclendirmek amaciyla daha fazla

uluslararas1 akademik etkinlikte yer almalar1 gerekmektedir.

e Ulusal calismalarin genigletilmesi ve uluslararas: kongre, sempozyum ve toplantilara

katilimin tesvik edilmesi gerekmektedir.

e Bilgi bilim ve yapay zeka alaninda yiiksek kaliteli dergilere yonelik yayin sayisini
artirmak igin yiiksek kaliteli arastirma fonlar1 ve tesvik programlari olusturulmasi

gerekmektedir.

¢ Anahtar kelime analizinde elde edilen bulgular, arastirmalarin biiyiik olciide teknik
kavramlar—ozellikle derin 0grenme, duygu analizi ve dogal dil isleme (NLP)—
etrafinda yogunlastigini gostermektedir. Ancak, yapay zeka etigi ve toplumsal etkiler
gibi daha biitiinciil ve elestirel perspektiflerin literatiirde yeterince yer bulamadig:
dikkat ¢ekmektedir. Yapay zeka teknolojilerinin etik boyutlari, sosyal sonuglar1 ve
politik etkileri gibi konularin, bilgi bilimi alaninda daha fazla calisilmas: gerektigi

distnilmektedir.

e Yapay zeka ve bilgi bilimi alanindaki geng arastirmacilar igin proje bazli burslar ve

egitim programlari olusturulmalidir.

e Bilgi bilim ve yapay zeka arastirmalarinin diinya capinda taninmasini saglamak igin
acik erisim yayinciliga daha fazla 6nem verilmelidir. Bilimsel etkinliklerin (¢alistaylar,
paneller vb.) sayisindaki artisin bir sonucu olarak, bu etkinliklerin bulgular:

uluslararasi platformlarda paylasiimalidir.

e Yapay zeka ve bilgi bilimi alanindaki ulusal ve uluslararas: egilimleri gbz oniinde
bulundurarak, bilim politikalar1 giincellenmelidir. Bilgi bilimi alaninda multidisipliner

yaklagimlar benimsenmeli ve diger alanlarla entegre edilmelidir.
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