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Abstract: The aim of this study is to evaluate artificial intelligence applications in the preschool 
education level within the framework of the Multi-complementary Approach (McA). McA is 
designed as a comprehensive approach that encompasses multiple analysis methods. In the first 
phase of the study, the pre-complementary knowledge process, meta-analysis and meta-thematic 
analysis methods were used; in the post-complementary knowledge process, an experimental design 
with a control group and pre-test-post-test was applied. Finally, in the complementary knowledge 
phase, the findings of the first two phases were combined, providing an opportunity to evaluate the 
effectiveness of artificial intelligence applications in preschool education from a more comprehensive 
and broader perspective. The study provides information about McA, and then the methodological 
process and findings of the research are presented in detail within this framework. After providing 
information about McA, the methodological process and results of the study are presented step by 
step within this framework. A literature review based on document analysis in the context of social 
sciences and teaching in preschool education using artificial intelligence applications has shown that 
the application of artificial intelligence has positive and significant effects on both student 
performance and various variables supporting teaching. The complementary results favoring 
artificial intelligence applications encourage the increased use of such technologies in preschool 
education, promoting their more widespread and systematic use in the teaching environment. 

Keywords: Social sciences; multi-complementary approach; artificial intelligence; artificial 
intelligence in education; pre-school education 
 

1. Introduction 

 Social change and transformation continue to accelerate inevitably, with new technologies 
emerging every day and significant developments occurring in existing technologies. It is observed 
that, influenced by technological advancements in recent years, artificial intelligence is beginning to 
be recognized as one of the fundamental technologies of today's society. Artificial intelligence (AI) is 
defined as any technique that enables a computer to mimic human behavior and reproduce the 
human decision-making process to solve complex tasks with minimal or no human intervention 
(Russel and Norvig, 2021). AI is described as computer systems that understand like humans, behave 
like humans, reason logically, and perform rationally, exhibiting intelligent behaviors of humans 
(Howard, 2019), and as machines or computers that demonstrate human-like capabilities such as 
learning from information, adapting, synthesizing, self-correcting, and processing data in complex 
tasks (Chatterjee and Bhattacharjee, 2020; Popenici and Kerr, 2017). 
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 Social sciences, while continuing the effort to understand human behaviors and social 
structures through traditional methods, are increasingly recognizing the importance of artificial 
intelligence in this field due to current requirements such as big data analysis and modeling of social 
dynamics (Turgut, 2024). Artificial intelligence in education benefits educators by providing more 
effective and efficient administrative functions, improving students' experiences and learning quality 
(Chen et al., 2020). Artificial intelligence in education offers benefits such as personalized learning 
experiences for students, enhanced learning experiences, and increased teacher productivity 
(Tambuskar, 2022). Applications of artificial intelligence in preschool education have created social 
impacts in various applications such as adaptive learning environments, machine learning, computer 
vision, speech processing, neuroscience, health, natural language understanding, and the Internet of 
Things (Zhou et al., 2017). It helps improve instructional practices by providing personalized learning 
experiences (Liao, 2002; Nan, 2020). Artificial intelligence-supported teaching systems benefit both 
students and teachers by increasing the accuracy and efficiency of data acquisition in preschool 
education (Sun, 2022).  

1.1. Artificial Intelligence in Social Sciences 

  
 Artificial intelligence is becoming both a participant in and a mediator of human interaction 

(Rezaev & Tregubova, 2018). In recent years, with the advancement of digital technologies, AI 
applications have been widely used in various fields. While artificial intelligence has primarily been 
the focus of engineers and information technology specialists, it has now expanded to include the 
social sciences as well (Jarek & Mazurek, 2019). AI, which provides an interdisciplinary and 
multifaceted field of study, is utilized not only in computer science, linguistics, and mathematics but 
also in fields such as art, psychology, and design (Rezk, 2023).  

 One of the fundamental and rapidly evolving components of artificial intelligence is 
machine learning (ML), which refers to the process of defining specific algorithms and continuously 
improving a data model based on data analysis (Rebala et al., 2019; Russell & Norvig, 2010). The 
growing interest in big data, machine learning, and other data science techniques in recent years has 
sparked a dynamic debate about how and in which areas these methods can be applied in research 
(Agarwal & Dhar, 2014). As a rapidly advancing technology, machine learning has been widely 
adopted across a broad spectrum that includes the social sciences, such as sociology (Chen et al., 2021; 
Liu, 2021), medicine (Mercaldo et al., 2017; Waljee & Higgins, 2010), economics (Mullainathan & 
Spiess, 2017), and finance (Cavalcante et al., 2016). Deep learning (DL) is a subfield of machine 
learning, which itself is a subfield of artificial intelligence, following the developmental progression 
of AI > ML > DL (Agarwal & Murty, 2021). Deep learning is particularly useful for high-dimensional 
and large datasets and outperforms ML algorithms in many applications that require processing deep 
neural networks, images, text, speech, and audio data (Lecun et al., 2015). The resurgence of artificial 
intelligence can be attributed, at least in part, to deep learning algorithms (Zhang & Feng, 2021). It is 
noted that AI, particularly in the context of machine learning and deep learning, is a dominant factor 
in emerging technologies as well as in social and economic sciences (Apostolopoulos & Groumpos, 
2023). 

Machine learning is increasingly applied to large-scale social datasets related to humans (Lazer 
et al., 2009). The use of big data applications like machine learning in the social sciences offers a 
promising new statistical modeling culture for social scientists beyond merely data availability 
(Veltri, 2017). With the internet enhancing the capacity to generate, analyze, and store big data, a new 
era known as the digital age or the digital information age has begun. These developments have 
paved the way for new research areas and methodologies in the social sciences (Castells, 2010). To 
obtain this data, social scientists use either qualitative or quantitative methods. In quantitative 
research, AI can predict relationships between specific variables using machine learning techniques 
such as regression, decision trees, random forests, and support vector machines (Chen et al., 2020; 
Probst et al., 2019; Sun et al., 2020). Unlike quantitative research, qualitative research primarily deals 
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with non-numerical data such as text, images, audio, and video (Longo, 2020). Therefore, AI is 
utilized in a different manner in this type of research.  

 Natural Language Processing (NLP), defined as a component of artificial intelligence that 
enables familiarity with human interpretative language (Kumar & Mishra, 2020), facilitates analyses 
such as sentiment analysis in the social sciences with the help of AI (Aşkun, 2023). NLP has become 
increasingly relevant to social science research due to its ability to provide reliable tools for analyzing 
textual data, including interview transcripts, social media posts, and news articles (Boumans & 
Thrilling, 2018). Through artificial intelligence, audio and video data can be automatically converted 
into text, leading to cost savings (Abram et al., 2020) as well as reductions in labor and time 
(Mahmood et al., 2023). AI-powered tools such as NVivo and ATLAS.ti allow researchers to conduct 
thematic analysis by automatically identifying recurring themes, patterns, and key concepts within 
texts (Paulus & Marone, 2024; Rietz & Maedche, 2021). AI tools are also effectively utilized in data 
visualization, enabling the presentation of data in visual formats such as graphs and charts (Çelik, 
2019; Isichei et al., 2022; Owan et al., 2023). 

1.2. Artificial Intelligence in Pre-School Education  

 With the increasing demand for education, the integration of artificial intelligence (AI) and 
education has led to the emergence of a new research field, resulting in a growing body of literature 
on educational AI (Song & Wang, 2020). AI has been found to have a profound impact on various 
fields, including education. According to Chen et al. (2020), AI in education is seen as a synthesis of 
three fundamental areas: knowledge, education, and computational science. Baker and Smith (2019) 
categorize AI-powered educational tools into three main types: those aimed at students, teachers, 
and the educational system. In today's society, children prefer learning resources to be at their 
fingertips and to learn at their own pace, making AI a promising tool to support students (Chassignol 
et al., 2018; Mondal, 2019). AI-driven applications such as personalized learning systems (Chan & 
Zary, 2019; Miao et al., 2021; Mintz et al., 2023), chatbots (Smutny, 2020), robots (Nilsson, 2010; Su et 
al., 2023; Woo et al., 2021), online games (Young et al., 2012), and simulations (Chen et al., 2020) are 
increasingly being utilized in education. 

Early childhood is considered an ideal time to spark children's interest in AI (Su, 2022). AI is 
becoming more integrated into various educational settings, including preschool education. The use 
of AI-powered tools in early childhood classrooms has gained attention in recent years (Ding, 2021), 
with research highlighting the potential of AI-driven smart learning structures, chatbots, and digital 
assistants in improving the quality of early childhood education (Ma, 2021). Several studies have 
shown promising effects of AI in early childhood education, with an increasing focus on its role in 
enhancing learning and development (Lin et al., 2020; Nan, 2020; Tseng et al., 2021; Vartiainen et al., 
2020). AI technologies are being employed to improve the quality of preschool education (Weiwei, 
2022). 

The inclusion of AI in early childhood classrooms is believed to have positive effects (Amershi 
et al., 2014). AI technologies can increase children's enthusiasm for learning (Jin, 2019; Nan, 2020; Tian 
& Cui, 2022), while intelligent tutoring systems provide real-time feedback to enhance the 
effectiveness of preschool education (Jiang, 2022; Sun, 2022). AI can also support the development of 
computational thinking skills (Lee, 2020), contribute to efficient educational content by enabling 
personalized learning experiences (Liao & Gu, 2022), and allow AI-driven robots to interact with 
children to create tailored learning experiences (Dongming, 2020; Williams et al., 2019). Additionally, 
AI-powered tools such as augmented reality and virtual reality can make learning more engaging 
and enhance children's understanding of information (Tian & Cui, 2022). 

1.3. Purpose and Significance of the Study 

 The purpose of this study is to examine the impact of artificial intelligence (AI) applications 
on the learning environment and academic performance in early childhood education from a holistic 
perspective. The literature indicates that while there are numerous studies on AI across various fields, 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 February 2025 doi:10.20944/preprints202502.0551.v1

https://doi.org/10.20944/preprints202502.0551.v1


 4 of 32 

 

including social sciences, the number of studies specifically addressing its use in social sciences is 
limited (Bail, 2024; Grossman et al., 2023). Considering this gap, and recognizing the insufficiency of 
studies that integrate both qualitative and quantitative research findings, this study aims to 
contribute innovatively to the literature through an experimental design conducted at the early 
childhood education level. By comprehensively presenting AI’s role in educational processes, this 
study seeks to bridge this gap. The objective is to combine qualitative and quantitative findings to 
obtain broader and more comprehensive results. Thus, in this study, the impact of AI applications at 
the preschool level on learning environments and academic performance is examined using the 
Multi-complementary Analysis (McA) approach (Batdı, 2016), as detailed in the methodology section. 
Within this framework, the study is expected to answer the following research questions regarding 
the effectiveness of AI applications in the field of social sciences: 

1.4. Pre-Complementary Knowledge Phase 

1. What is the overall effect size (g) of AI applications in the field of social sciences according to 
meta-analysis findings? 

2. What are the participant perspectives on AI applications in social sciences based on meta-
thematic analysis? 

Post-Complementary Knowledge Phase 

1. At the end of the experimental process in preschool education, is there a statistically significant 
difference in pre-test and post-test scores in favor of the experimental group, ensuring consistency? 

2. What are the observer perspectives on AI applications in preschool education from a qualitative 
standpoint? 

Complementary Knowledge Phase 

1. Do the comprehensive results obtained by integrating pre- and post-complementary knowledge on 
AI applications complement or reinforce each other? 

2. Based on the findings, what recommendations can be made on the topic? 

This study seeks to provide a comprehensive understanding of the role of AI in early childhood 
education, contributing valuable insights to both academia and educational practice.  

2. METHOD 

 This study aims to determine the impact of artificial intelligence (AI) applications on the 
field of social sciences. Through a literature review, the study seeks to evaluate AI applications from 
both quantitative and qualitative perspectives, analyzing and interpreting the findings of the current 
experimental study. In this context, the study also aims to compare the results of the experiment with 
similar studies in the literature to identify commonalities and differences. Additionally, to provide a 
broader perspective, the study has been conducted within the framework of the Multi-
complementary Analysis (McA) approach. McA is a method that integrates findings obtained 
through various analytical tools, extensive data sources, and a holistic perspective (Batdı, 2016, 2017, 
2018). 

2.1. What is the Multi-Complementary Approach? 

McA is an approach that enables the holistic evaluation of qualitative and quantitative data 
collected through different analytical programs. This approach allows a subject to be examined from 
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multiple perspectives, identifying gaps in the literature and contributing uniquely to research 
through various data collection and analysis methods (Batdı, 2016). Accordingly, McA consists of 
three main stages that facilitate access to pre-complementary knowledge, post-complementary 
knowledge, and complementary knowledge (Batdı, 2016, 2017, 2018).  

2.1. Pre-Complementary Knowledge Phase 

 As shown in Figure 1, the pre-complementary knowledge phase is the first stage of McA. 
In this phase, a literature review is conducted to examine studies on AI applications in the field of 
social sciences. The literature is analyzed through meta-analysis and meta-thematic analysis 
processes, aiming to identify existing gaps in this field.  

       

           

Figure 1. Multi-Complementary Approach (Batdı, 2018). 

In this context, it can be stated that a detailed table was created by reviewing studies on artificial 
intelligence applications using the document analysis method in both types of analysis. These two 
types of analysis are defined as follows: 

Glass (1976) described meta-analysis as the “analysis of analyses,” while Petitti (1994) defined it 
as a quantitative approach that systematically analyzes the findings of individual studies to derive a 
general conclusion. Meta-analysis is defined as a research synthesis that combines the statistical 
results of quantitative studies (Borenstein et al., 2009). The primary goal of meta-analysis is to 
summarize and interpret all available evidence on a specific topic or research question (Lipsey & 
Wilson, 2001). Another method used in the pre-holistic knowledge phase of the research is meta-
thematic analysis. Meta-thematic analysis is a process based on document analysis, aiming to access 
qualitative research on a specific topic and re-analyze raw data from these studies to develop themes 
and codes (Batdı, 2019). This method involves collecting detailed notes through observation, 
interviews, and document analysis, then classifying the extensive raw data into significant themes, 
categories, and explanatory case examples to transform them into readable narratives (Patton, 2014). 
Therefore, the most distinctive feature of the meta-thematic analysis process is its ability to access 
raw qualitative data and generate reliable research findings (Batdı, 2020).  
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2.2.1. Literature Review and Inclusion Criteria 

 To develop the information in the pre-complementary phase, a comprehensive literature 
review was conducted on artificial intelligence applications in the field of social sciences. The study 
utilized Web of Science, Science Direct, Taylor and Francis Online, ProQuest Dissertations & Theses 
Global, Google Scholar, and YÖK databases to access relevant studies. 

Searches were conducted in both Turkish and English using the keywords: 

 "yapay zeka" (artificial intelligence) 
 "sosyal bilimler ve yapay zeka" (social sciences and artificial intelligence) 
 "artificial intelligence" 
 "social sciences and artificial intelligence" 

To refine the search, additional terms such as “effectiveness of,” “effect of,” “the impact of,” and 
“the effects” were included to focus on the effectiveness of AI applications. 

2.2.2. Meta-Analysis Inclusion Criteria 

The criteria for including studies in the meta-analysis were as follows: 

 Conducted between 2005 and 2025, 
 Implemented AI applications in the experimental group, 
 Contained pre-test and post-test data on AI applications, 
 Focused on the impact of AI applications on students' academic achievement, 
 Included descriptive statistics required for effect size calculations within the McA 

framework, such as sample size (n), arithmetic mean (X ̅), and standard deviation (SD). 

In addition to the above five criteria, the meta-thematic analysis included studies that: 

 Examined the impact of AI applications on academic success, 
 Used qualitative research methods and included participants' perspectives, 
 Were conducted between 2005 and 2025 and were retrieved from the same databases used 

in the meta-analysis. 

A total of 248 studies on AI applications in social sciences were identified. However, only six 
studies met the meta-analysis criteria, and five studies met the meta-thematic analysis criteria. The 
remaining studies were excluded from the analysis due to irrelevance, failure to meet inclusion 
criteria, or duplication across multiple databases. 

The number of studies included in the meta-analysis and meta-thematic analysis is presented in 
Figure 2 using the PRISMA flow diagram, developed by Moher et al. (2009). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 February 2025 doi:10.20944/preprints202502.0551.v1

https://doi.org/10.20944/preprints202502.0551.v1


 7 of 32 

 

Figure 2. Flow Diagram of the Studies included into Analyses 

 In the pre-complementary knowledge phase of the study, the data obtained through 
document analysis were transferred to Microsoft Office Excel and Word programs. During the meta-
analysis process, the statistical software Comprehensive Meta-Analysis (CMA) 2.0 was used 
(Borenstein et al., 2009; Rosenberg et al., 2000). For the document analysis of studies conducted within 
the meta-thematic framework, the Maxqda-11 software was utilized. The collected data were 
analyzed using the content analysis method. Content analysis is a qualitative research technique that 
involves classifying research findings based on specific themes and codes and interpreting them 
systematically (Cohen et al., 2007). Accordingly, participant opinions obtained from study documents 
were analyzed, and themes and codes were developed. The pre-complementary knowledge phase 
analysis of the study was conducted in two separate processes. The meta-analysis process is detailed 
below.  

2.2.3. Effect Size and Model Selection 

 The value calculated to provide information about the magnitude and direction of the 
relationship between two groups or variables is defined as effect size (Borenstein et al., 2009). In this 
study, Hedges' g, a standardized measure of the difference between means, was preferred for effect 
size estimation (Hedges, 1981). 

For interpreting effect size values, the classification by Thalheimer and Cook (2002) was taken 
into account. According to their classification: 

Id
en

ti
fi

ca
ti

on
 

S
cr

ee
ni

ng
 

C
om

pl
ia

nc
e 

In
cl

u
si

on
 

Number of studies reached by 

scanning databases  

*(NMA=1270; NMTA=670) 

Disqualified due to duplication 

(NMA=55; NMTA=15) 

Number of studies after 

duplication (NMA=55; NMTA=1) The number of studies eliminated 

from titles because of being 

irrelevant topic (NMA=55; NMTA=15) 

Abstracts after elimination  

 (NMA=55; NMTA=15) 
Eliminated summaries because of 

not meeting the inclusion criteria 

(NMA=55; NMTA=15) 
Full texts (NMA=55; NMTA=15) 

evaluated in terms of conformity 

and quality 

Exlusion criteria: 

-Elligibility and non-conformity 

(NMA=55; NMTA=15) 

- Not enough digital data (NMA=55) 

-Poorly rated studies as a results of 

quality assessment (NMA=55; 

NMTA=15) 

Number of studies included in 

the meta-analysis and meta-

thematic analysis (NMA=55; 

Elimination of Titles 

Screening Abstracts 

Quality assessment 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 February 2025 doi:10.20944/preprints202502.0551.v1

https://doi.org/10.20944/preprints202502.0551.v1


 8 of 32 

 

 If -0.15 ≤ g < 0.15, the effect size is considered negligible. 

 If 0.15 ≤ g < 0.40, it is small. 

 If 0.40 ≤ g < 0.75, it is moderate. 

 If 0.75 ≤ g < 1.10, it is large. 

 If 1.10 ≤ g < 1.45, it is very large. 

 If g ≥ 1.45, it is considered excellent (Thalheimer & Cook, 2002). 

In meta-analytic calculations, effect sizes are generally estimated using either the fixed-effect 
model (FEM) or the random-effects model (REM) (Ried, 2006). According to Schmidt et al. (2009), the 
application of the FEM is quite limited. Given the variability in instructional levels, subject areas, 
implementation durations, and sample sizes in this study, the random-effects model (REM) was 
deemed the most appropriate approach. 

2.2.4. Heterogeneity Test 

 According to Higgins and Thompson (2002), heterogeneity in meta-analysis refers to the 
extent to which the results of included studies differ. Instead of the Q statistic, which is commonly 
used in heterogeneity testing, the I² statistic is preferred as it provides more reliable results. 

 The I² value ranges from 0% to 100%. 
 0% indicates no heterogeneity. 
 75% or higher indicates high heterogeneity (Higgins et al., 2003). 

In this study, the calculated I² value was 82.82, indicating a high level of heterogeneity. Due to 
this, moderator analyses were conducted to test the differences between groups based on various 
variables (Rosenthal, 1979). 

2.2.5. Coding 

 Coding is defined as a method that enhances the reliability of a study by enabling 
independent replication by different researchers (Wilson, 2009). In this study, to ensure validity and 
reliability, a coding form was developed (Bangert-Drowns & Rudner, 1991). 

This form included: 

 Study code, title, author(s), year of publication, academic term, course, educational level, 
and sample details 

 Statistical data related to these variables 

Additionally, this form allowed multiple coders to examine the dataset and ensured that only 
studies with inter-coder agreement were assigned codes. To assess inter-coder reliability, the formula 
proposed by Miles and Huberman (1994, p. 64) was used: 

Reliability=AgreementAgreement+Disagreement×100\text{Reliability} = 
\frac{\text{Agreement}}{\text{Agreement} + \text{Disagreement}} \times 
100Reliability=Agreement+DisagreementAgreement×100 

An agreement rate of 90-71 % was achieved among the coders. 
In the meta-thematic analysis of qualitative studies, participant opinions were re-evaluated, and 

studies with similar characteristics were grouped into common categories, from which themes were 
developed. In cases of disagreement, coders engaged in literature-based discussions to reach a 
consensus on common codes (Silverman, 2005). 
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During the interpretation of themes and codes, participant statements were included as direct 
quotations to enhance clarity, transparency, and reliability. Each referenced study was coded using 
letters, numbers, and symbols. For example, in M11-s.5: 

 "M" represents the article 
 "11" represents the study number 
 "s.5" refers to the page number of the quotation. 

2.2.6. Publication Bias and Reliability 

 In meta-analytic studies, various methods have been developed to ensure that analyses are 
conducted reliably and to avoid potential biases. One of these methods is the calculation of the "fail-
safe N", proposed by Rosenthal (1979). The fail-safe N refers to the number of unpublished null 
studies required to invalidate the observed effect. A high fail-safe N value supports the validity of 
the results. In this study, the calculated safe N value was 248 (P = 0.1), and when compared to the 
studies included in the analysis, this value is considered quite high, suggesting that the risk of bias is 
low (Borenstein et al., 2009). 

 

Figure 4. Funnel Plot. 

 In meta-analyses, a funnel plot is also used to determine publication bias (Duval & Tweedie, 
2000). In this plot, the horizontal axis represents the effect size, while the vertical axis shows the 
sample size, variance, or standard error values. The funnel plot explains the relationship between the 
effect size of the study and the sample size (i.e., number of studies). The key point of the plot is that 
as the sample size (number of studies) increases, the precision of the effect size estimate also increases 
(Sterne & Harbord, 2004). Additionally, in the absence of publication bias, the plot will take the form 
of an inverted symmetric funnel as shown in Figure 4 (Sterne et al., 2011). Upon examining the funnel 
plot, it is observed that the studies (points) are distributed on both sides of the vertical line, indicating 
that there is no bias. Therefore, it can be explicitly stated that no bias is present in this study. 

2.3. Post-Complementary Knowledge Phase 

 The second phase, the post-complementary knowledge phase, involves information from 
original studies conducted by the researcher to address the deficiencies identified in the first phase. 
To achieve this, the research sought to determine how the subject in question has been addressed in 
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the relevant literature. This process was carried out using meta-analysis and meta-thematic analysis 
methods. Since McA is based on inductive reasoning, the data obtained in the first step are key 
indicators evaluated within an integrated framework that shows what is missing in early childhood 
education. Thus, the complementary knowledge phase was conducted as a new initiative to address 
the missing data. This step was considered a complementary process aimed at addressing gaps, 
drawing attention, and raising awareness within the context of the study area. Accordingly, in the 
first phase, it was found that there were a limited number of studies on artificial intelligence 
applications in early childhood education, and this gap was identified as a significant void in the 
relevant literature. Therefore, efforts were made to fill this gap and draw the attention of other 
researchers to this area. As a result, artificial intelligence applications were implemented in the 
experimental group in early childhood education, and these applications were developed through 
experimental processes conducted to evaluate students' performance. 

2.4. Design of the Experimental Process 

 McA is a mixed design that combines multiple research methods. In this design, various 
combinations of quantitative, qualitative, or both methods are used to structure each stage based on 
the findings from the previous stage (Batdı, 2018). In the experimental section of the research, an 
explanatory sequential design model was adopted. According to Ivankova et al. (2006), in this 
multiphase mixed method, quantitative data are collected first, followed by qualitative data that help 
provide a deeper explanation of the quantitative findings. The main purpose of this design is to 
provide a more comprehensive perspective on the research problem through quantitative data and 
findings. The qualitative data and their analysis enrich and clarify the statistical results by deeply 
exploring participants' views. In the pre-complementary knowledge phase, data from studies on 
artificial intelligence applications were evaluated through meta-analysis and meta-thematic analysis, 
and these analyses contributed to guiding the experimental processes. After the pre-complementary 
phase, it was found that research was primarily focused on social sciences, particularly in the health 
field, and there was a significant gap in studies targeting early childhood education. Therefore, an 
experimental study was planned to examine the impact of artificial intelligence applications on 
student performance in early childhood education. 

2.5. Formation of the Experimental Group 

 In the study, a single-group pre-test/post-test experimental design was applied. In this 
design, the effect of the experimental process is tested through a single group. In this context, the 
experimental group consists of 14 early childhood education students (n = 14) enrolled in the 2024-
2025 academic year. A pre-test (T1) was applied to the experimental group before the experimental 
process. The same test was re-administered as the post-test (T2) at the end of the experimental 
process.  

Table 1. Symbolic Representation of the Experimental Study. 

 

Experimental 
Group 

R T1 X T2 

R: Neutrality in group formation, X: Independent variable level (Artificial Intelligence 
applications in early childhood education), T1: Pre-test application, T2: Post-test application. 

2.6. Data Collection Tool: Student Evaluation Form 

 A student evaluation form was prepared by the researcher to identify the impact of artificial 
intelligence applications on student performance using a multi-complementary approach with 60-72 
month-old children attending preschool education. The form was used as a measurement tool. First, 
the preschool education program where the application would take place was reviewed. The 
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achievements and indicators in the preschool education program were examined in detail. In the 
student evaluation form developed to assess the effect of artificial intelligence applications on 
preschool students' performance, the answer options for the items are scored as follows: 1 = Cannot 
do, 2 = Can do partially, 3 = Can do completely. The items in the measurement tool were prepared 
with the developmental characteristics of 60-72 month-old students in mind. Expert opinions were 
obtained regarding the items in the tool. Based on the feedback and suggestions received, the items 
of the tool were revised for semantic coherence, scope, sentence structure, and spelling rules, and the 
final version of the measurement tool was applied.  

2.7. Process Duration 

 Weekly lesson plans suitable for artificial intelligence applications were prepared based on 
the achievements in the preschool education program. Themes were determined, especially related 
to health, art, Turkish, and social studies achievements, as they are more related to the social sciences. 
Additionally, when creating the lesson plans, activities were determined based on the use of artificial 
intelligence tools for the experimental group students. Before the process, information about the 
artificial intelligence tool to be used in the study was provided. In the first week, the topic of "Healthy 
Eating," in the second week "Learning Colors-Pink," in the third week "Natural Disasters," and in the 
fourth week "Dental Health" were taught using the artificial intelligence tool "Animated Drawings." 

Week 1: The teacher welcomes the children and guides them to the play centers. "Little Bean 
Song" movements were performed as sports and dance activities. "Healthy Eating," "How Can We Be 
Healthy?" and "Healthy Tomorrow" educational videos were watched. The importance of breakfast 
and the components of a healthy breakfast were discussed. Healthy foods were introduced. The 
concept of a balanced and adequate diet was emphasized. After these explanations and 
brainstorming, the teacher showed flashcards and a slide presentation about "Healthy and Unhealthy 
Foods." The teacher made the students prepare a healthy breakfast plate with the song "Healthy 
Eating Song." The students created a healthy breakfast plate using the healthy foods they had learned. 
The students chose one healthy or unhealthy food and drew it. Afterward, the drawings were 
animated using the artificial intelligence tool. The teacher taught the "Vegetable Fruit Song." In this 
song, students distinguished new words and discussed the new vocabulary. "The Visit of Vitamins 
Story" was shown. The lesson aimed to teach the word "vitamin," and the teacher asked the students 
to use the word appropriately. 

Week 2: The children were asked what colors they had already learned. Then, each child was 
given a color and asked to show or say an object of that color. They were told that by mixing red and 
white, they would get a new color and were asked to guess what this color might be. A class 
experiment was conducted to discover this color. Three cups were placed on the table: one empty 
and two filled with red and white paint, respectively. The cups were mixed, and the color pink was 
created. The children were asked what natural things were pink. "Pink Color Flashcards and Slide 
Show" and the "Learning Colors-Pink" educational video were shown. After all these activities, the 
"Pink Color Finger Game" was sung. Finally, "The Brave Pink Cloud Story" was shown, and then the 
students performed the "Flamingo Coloring" activity. The students drew and colored a pink 
flamingo. For those struggling with the drawing, a pre-made flamingo image was given. After 
completing the drawing and coloring, the drawings were uploaded to the artificial intelligence tool 
for animation. 

Week 3: The teacher welcomed the children and directed them to the play centers. The teacher 
asked the children what natural events were. They discussed disasters like earthquakes, floods, fires, 
droughts, and volcanic eruptions, and when and why they occur. The teacher explained what should 
be done in case of an earthquake. First, the "Preschool Disaster Education" educational video and the 
"Earthquake Education for Children 'Earth' Animation Cartoon" were shown. Then, "Drop, Cover, 
and Hold On Story" was shown. Afterward, a "Natural Disasters Finger Game" was taught, and 
everyone sang it together. Flashcards about other natural disasters were shown. The next natural 
event to be taught was the volcano (volcanic eruption). The teacher took a boiled egg and a globe 
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model. The teacher explained that the Earth has layers like the egg and peeled the outer shell, 
showing the inner white layer. Then the yellow part was shown as the magma, the central part of the 
Earth. It was explained that this magma sometimes needs to escape to the surface, but this requires a 
mountain. The children were asked to perform the "Volcano Experiment" to demonstrate what they 
had learned. The students were asked to draw any natural event. After completing the drawing, it 
was uploaded to the artificial intelligence tool. The students were asked to review each other's work. 

Week 4: First, as sports and dance activities, the "Brushing Teeth Song" movements were 
performed. After the movements, the "Why Do We Brush Our Teeth?" and "How to Brush Our Teeth 
Properly?" educational videos were shown. The children sat in a way that allowed them to see the 
teacher. The teacher suddenly held her cheek and asked, "What happened to my tooth?" The children 
were prompted to think about why the tooth might hurt. The importance of brushing teeth for dental 
health was discussed, including which foods should be eaten and avoided for healthy teeth. An "Oral 
and Dental Health Drama" was performed. Two or three students acted as germs, while the others 
represented healthy teeth. The germs chased the healthy teeth, and when they caught them, the 
teacher used a toothbrush to clean the teeth and save them from germs. The "My Teeth Song" was 
then taught and sung together. The students were given time to draw healthy and unhealthy 
(decayed) teeth. After completing their drawings, they were uploaded to the artificial intelligence 
tool. 

The lessons for the experimental group were applied over four weeks in accordance with the 
preschool education program. The teaching methods for all topics involved a mix of question-and-
answer, auditory-visual, experiments, and drama-based techniques. Throughout the process, the 
students reinforced their learning by drawing and animating their creations using the artificial 
intelligence tool. 

2.8. Thematic Analysis Process 

 Following the final comprehensive data phase, thematic analysis was conducted to support 
the quantitative data obtained and to gain more detailed information about artificial intelligence 
applications. In this process, information was gathered through observation regarding students' 
understanding of artificial intelligence applications. If a researcher wants to understand a behavior 
occurring in a specific environment in a detailed, comprehensive, and time-evolving manner, they 
may resort to the observation method (Bailey, 1982). According to Yıldırım and Şimşek (2006), 
observation is a method used to gather direct and detailed information about events, situations, and 
behaviors. When applied regularly, it provides reliable results as a research method (Merriam, 2013). 
In the study, an observation form was prepared by consulting expert opinions. The personal 
information of the observers was kept confidential. Two individuals participated as observers in the 
study. Citations from the observers were labeled with the expressions G1 and G2. During the 
thematic analysis process, the consistency of the themes and codes derived from the observations of 
students was evaluated, along with the Cohen Kappa agreement values between the coders. The 
Kappa value is a measure indicating the level of agreement between the observers or data coders 
during the research process. According to this value, the levels of agreement are as follows: values of 
.20 or lower indicate weak agreement, values between .21-.40 indicate low-to-moderate agreement, 
values between .41-.60 indicate moderate agreement, values between .61-.80 indicate good 
agreement, and values between .81-1.00 indicate very good agreement (Vierra & Garrett, 2005). 
Looking at the agreement values for the study,  .917 shows that there was very good agreement. 

2.9. Complementary Knowledge 

 The final phase of the Multi-Complementary Approach (McA), the complementary 
knowledge phase, involves the integration of the findings and results obtained from the first two 
phases. In this phase, the use of different data collection and analysis methods can contribute to 
enriching the study. According to Johnson and Onwuegbuzie (2004), methodologically, mixed-
methods research can provide more qualitative results compared to single-method studies. As 
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Tashakkori and Creswell (2007) state, in mixed-methods studies where qualitative and quantitative 
data are integrated, the research findings complement and support each other in terms of 
interpretation, explanation, description, and verification. In this regard, the integration of data 
obtained through two qualitative and two quantitative research methods to examine the effectiveness 
of artificial intelligence applications can be seen as a fundamental feature of the comprehensive 
information phase, providing rich and in-depth insights. 

3. FINDINGS 

 In this section of the study, the findings obtained from the meta-analysis and meta-thematic 
analysis conducted on the use of artificial intelligence applications in social sciences are interpreted.  

Table 2. Meta-Analysis Data. 

Test 
Type 

Model  
  

95 % Confidence 
Interval 

Heterogeneity 

n g Lower Upper Q p I2 
Achieve
ment 

FEM 13 0.55 0.41 0.69 217.75 0.00 94.48 
REM 13 0.74 0.13 1.35   

         
 According to the meta-analysis findings presented in Table 2, the effect size of AI 

applications (Achievement) in social sciences, calculated based on REM, was found to be g = .74 [.13; 
1.353]. Since this effect size is considered large, it indicates that AI-based applications have a positive 
and significant impact in social sciences (Thalheimer & Cook, 2002).  

Table 3. Overall Effect Sizes of the Studies Included in the Analysis According to the Moderator Analysis. 

Item Groups 

Effect Size and 95% 

Confidence Interval 
Null Test Heterogeneity 

n g 
Low

er 
Upp

er 
Z-

value 
P-

value 
Q-

value 
df P-value 

Ed
uc

at
io

n 
Le

ve
l University             6       0.65     -0.66                1.96 0.97 0.33    

Others 7 0.80 0.17 1.42 2.49 0.01    

Toal 

13 0.77 0.20 1.33 2.67 0.00 0.04 1 

 

0.84 

 

A
pp

lic
at

io
n 

D
ur

at
io

n 

Sessions 7 0.30 -0.29 0.90 1.00 0.32    

9-+ 4 0.33 -0.12 0.79 1.43 0.15    

Total 

11 0.32 -0.04 0.68 1.74 0.08 0.00 1 

 

0.95 

 

Sa
m

pl
e 

Si
ze

  

Small  6 0.01 -0.24 0.26 0.09 0.93    

Medium 3 1.82 1.21 2.43 5.88 0.00    

Large 4 1.02 -0.36 2.40 1.44 0.15    

Total 13 0.29 0.06 0.52 2.51 0.01 30.29 2 0.00 
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When examining the heterogeneity test value obtained in Table 2, it is observed that the effect 
sizes of artificial intelligence (AI) applications in social sciences are distributed heterogeneously 
(Q=217.746; p˂.05). The I² value (94.48%) indicates that 94% of the observed variance originates from 
true variance among the studies. According to Cooper et al. (2009), an I² value of 25% represents low 
heterogeneity, 50% indicates moderate heterogeneity, and 75% or above signifies high heterogeneity. 
In this study, the calculated I² value of 94.48 confirms the presence of high heterogeneity (Higgins et 
al., 2003). In this context, the moderator variables influencing the overall effect size appear at a high 
heterogeneity level. Therefore, since the obtained I² value indicates heterogeneity, conducting a 
moderator analysis is necessary (Borenstein et al., 2009). For this reason, the selected moderator 
variables include education level, implementation duration, and sample size (Table 3). According to 
the findings of the moderator analysis, the highest effect sizes were observed in the following 
categories: 

 Education level: "Others" category (g=0.80) 
 Implementation duration: 9+ weeks (g=0.33) 
 Sample size: Medium sample group (g=1.82) 

These results suggest that AI applications are more effective in the specified groups within the 
moderator analysis. However, the significance test did not reveal significant differences in terms of 
education level (Q_B=0.04; p˃.05), implementation duration (Q_B=0.00; p˃.05), or sample size 
(Q_B=30.29; p˃.05). When the analysis results are evaluated as a whole, AI applications have shown 
a broad-level effect across all groups in a similar manner. However, no significant differences were 
found among the groups. 

3.1. Meta-Thematic Findings on Artificial Intelligence Applications 

 This section presents the results of the meta-thematic analysis of qualitative studies on 
artificial intelligence (AI) applications within specific themes and codes. The obtained data are 
categorized under the following themes: 

 Contribution to Educational Environments 
 Contribution to Innovation and Technological Development 
 Challenges and Solutions 

The codes related to these themes are visually modeled below. Additionally, direct quotations 
are included in the relevant discussions to support these codes. 

3.3.1. Contributions to Education Environments 
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Figure 4. Contributions to Education Environments. 

 When examining Figure 4, the codes fall under the theme of "Contribution to Educational 
Environments" in relation to artificial intelligence (AI) applications. Some of these codes can be 
explained as follows: 

 Resembling a real teacher 

 Improving readiness 

 Being reassuring 

 Using motivating expressions 

 Reinforcing learning by reteaching topics 

 Providing 24/7 learning opportunities 

 Demonstrating tolerance 

Relevant reference statements supporting these codes include: 

 "(M5-p.17053) In the study, it is stated: 'When I make a mistake, it tells me not to worry, gives 

me hints, and helps me find the correct answer. It also summarizes topics... It provides 

visuals, which is something a real teacher would do.'" 

 "(M5-p.17051) It was useful for students who were unprepared for the lesson. It served as a 

preparatory tool, and thanks to the chatbot, even if we didn’t fully grasp the topic, we had 

already learned half of it by the time the teacher started explaining." 

 "(M5-p.17069) As a student, I felt good. I believe my classmates felt the same way... It says 

things like 'You are amazing!' 'Great!' or 'I’m making this question easier for you!'" 

 "(M5-p.17051) It was positive... I mean, a teacher comes and teaches a topic, then another one 

comes and summarizes it." 

These findings suggest that AI contributes to educational environments in various ways, 
enhancing the learning experience from multiple dimensions. 
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3.3.2. Contributions to Innovation and Technological Advancement 

Figure 5: Contributions to Innovation and Technological Advancement. 

 When examining Figure 5, the codes fall under the theme of "Contribution to Innovation 
and Technological Development" in relation to artificial intelligence (AI) applications. Some of these 
codes can be explained as follows: 

 Usage across different disciplines 

 Benefits for educational services 

 Contribution to diagnosis and treatment 

 Saving time and increasing efficiency 

 Helping users stay up to date 

 Performing automated tasks 
Relevant reference statements supporting these codes include: 
 "(M1-p.180) AI and robotics technology can be used in many different disciplines. In the 

future, it will be an essential field that professionals in all industries need to learn… I cannot 

provide a very technical definition due to my lack of knowledge." 

 "(M2-p.33) AI is particularly active in the diagnosis and treatment process, especially in the 

diagnosis phase." 

 "(M4-p.10) AI can retrieve more relevant information faster, helping you stay up to date and 

potentially learn new skills more quickly." 

 "(M4-p.12) In the future, repetitive, time-consuming, and automatable tasks will be handled 

by AI." 

 "(M3-p.77) There will be a significant gain in speed and time. It will accelerate processes 

greatly. Right now, we think our current pace doesn’t harm us. We still wait two weeks for 

molecular tests. But in 20 years, those two weeks could mean a lot. We need to be even faster." 
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These findings suggest that AI applications contribute to innovation and technological 
development by facilitating work across various disciplines, helping professionals stay up to date, 
handling time-consuming tasks, improving job performance, and increasing overall efficiency.  

3.3.3. Challenges in AI Applications and Suggested Solutions 

 

Figure 6. Challenges in AI Applications and Suggested Solutions. 

 When examining Figure 6, the codes are seen within the theme of “challenges and solutions 
in AI applications.” Some of these codes can be explained as “expressing fear, being in the hands of 
certain individuals, causing job loss, creating ethical problems, carrying the risk of cost and waste, 
should be in an assistant position, and should be economically viable.” 

The reference statements for these codes include: 
 In the study (M1-p.183), it is stated: 

“Right now, it expresses fear and anxiety in me. Since I do not fully grasp the situation, and I cannot 

predict what it might do to people in the future, it seems frightening to me due to the uncertainty.” 

 In the study (M1-p.192), another statement highlights job loss concerns: 

“As a banker, I believe it will negatively impact my profession. Since we mainly deal with statistical 

calculations and more technical matters, I think the banking profession will cease to exist in the near 

future, after 2030.” 

 Another concern (M1-p.199) is about control and accessibility: 

“What worries me is that it will be in the hands of certain individuals, unable to reach the public, and 

unable to serve the general population. A majority of people may remain in hunger and poverty, and 

they may survive only if ‘certain individuals’ provide help. There is such a danger.” 
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 Ethical concerns are also raised in (M3-p.59): 

“I honestly believe it will create ethical problems. After all, what will happen in terms of ethics? Robots 

have no legal responsibility…” 

 Another concern regarding cost and inefficiency is found in (M3-p.75): 

“Let's say an aspect of AI is developed, and it looks great. You invest in it, make serious financial 

commitments, bring in people to set it up, pay those people, buy the machines. But in the end, you get 

far less performance than what was promised. That is waste.” 

Proposed Solutions 
Reference statements related to possible solutions include: 
 In (M1-p.188), a participant suggests AI should be used as an assistant rather than a 

replacement: 

“I would prefer it to be an assistant. I think it would be more useful that way. I would prefer it as an 

assistant to make my daily tasks easier.” 

 In (M3-p.72), financial feasibility is emphasized: 

“Financial viability is a very important factor. The initial costs of setting up and integrating new 

systems can be significant…” 
In conclusion, AI applications present various challenges such as causing social anxiety, creating 

ethical concerns, diminishing cognitive skills, surpassing human capabilities, leading to job loss, and 
negatively affecting relationships. However, they also offer solutions such as reducing workload, 
functioning as an assistant, making life easier, and handling bureaucratic tasks. 

3.2. Comparison of Pre-Test and Post-Test Results After the Experimental Process 

Table 4 presents the results of the assessment tool applied to students in the experimental group 
at the end of the AI-assisted instruction. In this section of the research, the aim was to collect 
complementary data through an experimental study integrating the first phase of ÇBY. 

For this purpose, the data from the assessment tool evaluating the impact of AI applications on 
students' learning performance in the "preschool education level" is presented in Table 4. 

Table 4. Comparison of Pre-Test and Post-Test Scores of Experimental Groups. 

Test 
Type 

Groups n x ̄ sd df 
Levene 

t p 
F p 

pretest Experim
ent 

14 18.64 1.94  
26 

 
2.28 

 
.14 

 
-14.17 

 
.00 

posttes
t 

Experim
ent 

14 27.93 1.49 

 
In Table 4 above, a significant difference is observed between the pre-test and post-test scores of 

the experimental group during the experimental process. The pre-test and post-test scores of the 
students in the experimental group are presented. When examining the relevant data, a difference of 
9.29 points is observed between the pre-test score (18.64) and the post-test score (27.93). This 
difference is in favor of the post-test (p < .05). As a result, it can be stated that the applied interventions 
have positively contributed to students' learning performance. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 8 February 2025 doi:10.20944/preprints202502.0551.v1

https://doi.org/10.20944/preprints202502.0551.v1


 19 of 32 

 

3.3. Thematic Findings from Observers' Opinions After the Experimental Process 

In this section, the findings derived from observers' opinions regarding the use of the AI tool are 
interpreted. In the final holistic information phase of the research, the observers' comments are 
grouped under two thematic headings. These themes can be expressed as "contribution to the social-
emotional dimension" and "problems encountered in AI applications and their solutions." 

 

Figure 7. Contributions to Social-Affective Dimension. 

 When examining Figure 7, the codes related to the "contribution to the social-emotional 
dimension" of AI applications are represented in the model. The observing teachers indicated that 
the application sparked interest and curiosity among the students. Regarding this code, G1 stated, 
"Introducing the AI tool sparked curiosity in the students," while G2 expressed, "Using the AI tool 
during the lesson increased students' interest." The observers also noted that the application 
enhanced students' enthusiasm for learning, made learning enjoyable, and fostered a positive mood. 
G1 commented, "I observed that the application significantly increased the students' enthusiasm for 
the learning process," while G2 mentioned, "Thanks to the activities, the students' overall mood 
became more positive." Additionally, the AI application is said to have fostered social and emotional 
development by promoting responsibility, increasing motivation, enhancing collaboration, boosting 
self-confidence, improving communication skills, and increasing students' willingness to participate 
in class. The issues encountered by the observers during the AI application process and their 
proposed solutions are shown in Figure 8. 
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 Figure 8 presents the observer comments on the "problems encountered and solutions in AI 
applications." The observer teachers reported that students faced difficulties during the drawing process. G1 
noted, "Some students, especially those working on drawing tasks that required fine motor skills, struggled 
significantly," while G2 observed, "Some students had difficulty with drawing tasks that required visual-motor 
coordination." The observer teachers also mentioned that students' attention was easily distracted and they 
quickly became bored. Regarding this, G1 commented, "Repetitive activities caused students to lose focus and 
become bored," and G2 stated, "Activities that required prolonged attention led to students quickly losing 
interest." As for the solutions to the problems faced during the application process, the observer teachers 
suggested addressing material shortages, having a trial or draft drawing beforehand, limiting the number of 
students, not extending the time excessively, and conducting the activities with background music. 

3.4. Findings Related to the Holistic Information Stage 

 At this stage, the results of the pre-complementary and post-complementary knowledge 
phases are combined and expressed. In the pre-complementary knowledge phase, it is observed that 
AI applications positively influence the field of social sciences. The effect size of AI applications in 
social sciences research is g=0.74. Additionally, the moderator analysis indicates that the greatest 
effect size is observed in university-level and other educational stages, which has encouraged 
researchers to implement AI applications in preschool education. No studies on preschool education 
were found in the included works. In this context, the implementation of AI applications in preschool 
education is seen as an indication of a gap in the literature. 

In the qualitative part of the pre-complementary knowledge phase, which consists of meta-
thematic analysis, it can be stated that despite some issues with AI applications, they provide 
significant contributions to educational environments, innovation, and the technological 
development process. In the second part of the study, an experimental process was applied to AI 
applications in preschool education. The results of the post-complementary phase show that there is 
a significant difference between the pre-test and post-test scores of the experimental group. 

Finally, when evaluating the thematic process of the study, it is concluded that, according to the 
observer teachers' feedback, AI applications contributed significantly to the socio-emotional 
dimension by increasing students' self-confidence and motivation, making learning enjoyable, 
improving responsibility and communication skills, and fostering a positive mood. The pre- 
complementary and post- complementary findings support each other and merge coherently to reach 
a holistic conclusion, indicating that the research findings are consistent. 
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4. Discussion and Conclusion 

 The findings of this research have been discussed within the framework of the McA. 
Accordingly, the results of the pre-complementary phase, which includes meta-analysis and meta-
thematic analysis, are presented first. Following this, artificial intelligence (AI) applications were 
implemented, and a measurement tool was applied. The findings obtained from teachers' 
observations, together with other data, were combined, and the results of the holistic phase, which 
includes recommendations, were presented. To explain the effects of AI applications in a more 
systematic and comprehensive manner, the process was approached in a phased manner. 

4.1. Results of the Pre-Complementary Knowledge Phase 

 Based on the meta-analysis of the documents included in the research, it was determined 
that AI applications have a positive effect on the social sciences field (g=0.74). This result highlights 
that AI applications are effective in the social sciences. AI methods have successfully developed 
diagnosis, understanding human development, and data management in behavioral and social 
sciences (Robila & Robila, 2019). In recent years, research in big data and AI in social sciences has 
grown exponentially, with management and psychology leading the way, along with emerging 
interdisciplinary areas like social sciences and geography (Liao et al., 2020). AI improves social 
science research by providing accurate and efficient data analysis, enhancing decision-making, and 
promoting responsible and ethical development (De La & Hernández-Lugo, 2024). Models like LLMs 
are transforming social science research by simulating human-like responses and allowing for large-
scale testing of theories and hypotheses about human behavior (Grossmann et al., 2023; Xu et al., 
2024). Additionally, AI increases the effectiveness of data management in social and human services 
by offering advanced tools for literature review, data collection, and visualization (Robila & Robila, 
2019). Generative AI provides new approaches to studying human behavior through surveys, online 
experiments, and automated content analysis (Bail, 2024), while its capabilities in text, image, and 
sound processing support decision-making processes in social research with greater accuracy and 
efficiency (De La & Hernández-Lugo, 2024). 

To examine the effects of AI applications in social sciences in more detail, moderator analyses 
were conducted. The effect sizes (g=0.77, 0.32) for teaching level and application duration indicate 
that AI applications have a significant impact on the teaching level in social sciences, while having a 
moderate impact on the application duration. Here, it is observed that the impact of AI applications 
varies with the duration of the application, but this variation is not as pronounced as the differences 
seen in teaching levels. 

Moreover, the positive results obtained from the meta-analysis were found to align with the 
findings from the meta-thematic analysis. The themes identified in the literature review, particularly 
AI's "contribution to education," are supported by previous studies. Hwang et al. (2020) noted that 
AI technologies, which are increasingly widespread in education, show promise for improving 
student learning performance and experiences. AI tools contribute to the learning process by 
providing feedback and offering flexible, personalized learning experiences (Yetişensoy & 
Karaduman, 2024). Furthermore, studies have shown that AI applications contribute to innovation 
and technological advancements. AI transforms work operations by enhancing human tasks, 
improving productivity, and fostering innovation across various sectors (Sharma, 2024). In the 
financial sector, it improves decision-making and customer service through automation, analytics, 
and algorithmic trading (Sharma, 2024; Soni, 2023), while deep learning and neural network 
technologies assist in predicting diseases, patient care, and disease outbreaks (Bhattamisra et al., 2023; 
Secinaro et al., 2021).  

4.2. Results of the Post-Complementary Knowledge Phase 

 In the post-complementary knowledge phase of the study, a significant difference was 
found between the pre-test and post-test scores of the experimental group in the use of AI 
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applications in early childhood education (Pre-test: x ̄=18.64, Post-test: x ̄=27.93). This result 
demonstrates that AI applications had a greater impact on achieving learning objectives in early 
childhood education, highlighting the effectiveness of AI in the learning process. The positive effects 
of AI applications on learning have been observed in many studies. In early childhood education, AI 
contributes to teaching and learning processes through collaboration between humans and machines 
(Crescenzi-Lanna, 2022) and provides adaptive learning environments that enhance personalized 
learning experiences (Doğan et al., 2023). 

Thematic analysis based on observations from the teachers involved in the experimental process 
resulted in two key themes. First, AI applications support students' social and emotional 
development, which is also corroborated by previous research. AI enhances creativity, problem-
solving skills, and social skills such as collaboration and communication by digitizing game activities 
and providing real-time monitoring of children's developmental progress (Fikri & Rhalma, 2024; 
Masturoh et al., 2024). AI systems create personalized learning paths through machine learning 
algorithms, taking individuals' strengths and weaknesses into account and fostering the development 
of self-esteem, confidence, and critical thinking skills through interactive activities and educational 
games (Kuchkarova et al., 2024). The second theme that emerged from the observations relates to the 
challenges and solutions encountered in AI applications. Issues such as technology addiction 
(Bozkurt, 2023; Puteri et al., 2024), lack of social integration (Demircioğlu et al., 2024), and effects on 
teacher-student interaction (Schiff, 2020) were identified as challenges in AI implementation. 

4.3. Results in the Complementary Knowledge Phase 

 In the final stage of the McA process, the results from the preliminary and final 
complementary knowledge phases were combined to assess the consistency of the findings. The 
results of the measurement tool conducted after the experimental process indicate a positive effect 
on students' learning performance, and these findings align with the data from the pre-
complementary knowledge phase. This consistency in findings suggests that the experimental 
process had a positive effect on learning outcomes. The thematic analyses conducted in this phase 
also revealed that AI applications enhanced students' interest, curiosity, communication skills, 
friendship relationships, and willingness to cooperate. These outcomes facilitated the students' ability 
to adapt their social and emotional competencies to real-life contexts, thus contributing to the 
improvement of their learning performance. The results obtained from the measurement tool are 
consistent with the findings from the meta-analysis and meta-thematic analysis. Overall, all findings 
support each other, indicating that AI applications provide a meaningful contribution to both the 
learning process and various factors influencing learning. 

4.4. Limitations 

 While the McA offers a comprehensive approach, there are several limitations to consider. 
The meta-analysis and meta-thematic analysis processes conducted in the study were limited to 
specific databases. The experimental process focused on the use of AI applications in the learning 
processes of preschool-level students. The research was also constrained to the application process 
for preschool students and the expected learning outcomes for the topics covered. Additionally, 
evaluating the effectiveness of AI applications in different subject areas and educational levels within 
the McA framework could provide further insights. 

4.5. Suggestions 

 To enhance the effectiveness of AI applications in preschool education, the development of 
teachers' digital pedagogical competence should be prioritized. In this regard, in-service training 
programs for teachers on the integration of AI applications into educational processes are 
recommended. These training programs would help teachers better understand the pedagogical 
potential of AI tools and use them in alignment with the lesson content. Furthermore, AI-supported 
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learning environments should be designed to accommodate students' individual differences and 
developmental characteristics, promoting more active participation in the learning process. 

Considering the general findings of the study, it is recommended that environments conducive 
to the use of AI applications be created in educational settings, as the results showed that AI 
positively contributed to educational environments, innovation, technological development, and 
students' socio-emotional aspects. Moreover, it is suggested that AI be integrated into courses at 
different educational levels in line with the results regarding its positive contributions to educational 
environments. Lastly, measures should be taken to prevent AI from fostering technological 
dependency, being perceived as mere games, or hindering face-to-face communication. 
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Appendix 1: The Kappa Agreement Values 

Meta-thematic Analysis Part 
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Environments 
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and Technological 

Advancement 

Problems 

Encountered and 
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 K2    K2   K2  
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 + - Σ  

K
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 + - Σ  

K
1 

 + - Σ  

+ 18 2 20  + 22 1 23  + 31 2 33  

- 3 13 16  - 1 17 18  - 2 18 20  

 Σ 21 15 36   Σ 23 18 41   Σ 33 20 53  

Kappa: .717       

p:.000 

 Kappa: .901       

p:.000 

 Kappa: .839       

p:.000 

 

Experimental-Qualitative Part 

Contribution to Social-

Affective Dimension 

Problems Encountered and 

Suggestions for Solution 
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