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 The use of Artificial Intelligence (AI) in educational evaluation optimizes 
learning outcomes. This research seeks to address the advantages and 
difficulties of implementing AI within academic evaluation frameworks with 
particular emphasis on the algorithmic bias problem and its implications for 
fairness in education. The absence of a thorough grasp of algorithmic bias, 
particularly how it can be utilized as a weapon against equitable education, 
reveals an important gap. We conduct a Systematic Literature Review (SLR) and 
bibliometric analysis on 121 articles sourced from Scopus published between 
2021 to 2025 to trace the trends and examine the impacts and biases of AI on 
grading systems. The data demonstrates a significant increase in publications 
beginning 2018, concentrating on topics such as educational applications of AI, 
automated grading systems, and machine learning. The findings further indicate 
that though AI improves efficiency and consistency of the evaluations, it 
heightens the chances of biased outcomes because of non-diverse training data, 
prejudiced developers, and socio-cultural frameworks that could worsen the 
situation for already marginalized learners. In summary, this study highlights 
the critical gaps in bias mitigation strategies arising from the lack of ethical 
design frameworks, antecedent-free algorithms, and educator prep courses 
aimed at combating bias. These outcomes serve as benchmarks for the creation 
of more reliable and comprehensive AI systems for assessments and shift 
subsequent investigations to focus validation on different cultures and the 
incorporation of just AI design paradigms. 
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INTRODUCTION 

The adoption of pioneering technologies, particularly artificial intelligence (AI), has greatly 
changed numerous fields, and education has received perhaps the deepest impact. It fosters new 
and critical methods of teaching and learning while simultaneously enhancing the quality of 
education at every level (Branch, 2009; Kamalov et al., 2023 Sasilatha & Suprianto, 2025). The 
transformation helps us to more advanced methods of teaching and learning, as well as a more 
tailored form of education, resulting in higher quality education (Kasim et al., 2025; Vieriu & 
Petrea, 2025). The implementation of AI in education technology has also achieved considerable 
improvements in engagement, self-paced learning, and teacher aids (Luckin et al., 2022). Managing 
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the learner's experiences is one of the advantages AI technologies provide. In the current 
environment, AI can serve as an assistant for both learners and educators (Armoogum & Zakaria, 
2024; Herawati et al., 2024). AI is capable of analyzing individual performance metrics and 
adequately customizing learning materials to suit the various levels within a class. The 
implementation of AI technology into education has the potential to customize educational 
pathways, thereby enhancing learning achievement (Aghaziarati et al., 2023). Integrating 
technology into classrooms enhances the efficiency of conventional methods. The application of 
artificial intelligence allows each student's learning journey to be tailored according to their 
particular strengths and weaknesses (Khosravi et al., 2023). The more aware a teacher is about AI, 
the more likely they are to use this technology in the classroom (Aghaziarati et al., 2023). 

AI helps simplify the assessment process, which typically requires much effort and time. 
This technology enables schools and universities to automatically grade large numbers of student 
assignments, significantly increasing the efficiency of assessment and allowing students to receive 
timely feedback on their performance (Crompton & Burke, 2023). While AI can help with 
assessment, its use raises ethical and emotional concerns for students and teachers. Many studies 
show that students feel uncomfortable if AI replaces traditional assessment methods, as they 
worry that this technology cannot assess with the deep understanding that teachers do(Khater et 
al., 2023). Moreover, too much reliance on AI for assessment can jeopardize academic integrity. 
This approach poses a threat to a more sophisticated understanding of students’ responses, 
resulting in grade inflation due to the misinterpretation of complex student answers (Coghlan et 
al., 2021).  

One of the key advantages of AI in assessment is its ability to improve efficiency and 
consistency, which is very important in today's education. For example, AI technology can grade 
essays by analyzing grammar, structure, and content, thus reducing the administrative burden on 
educators (Owan et al., 2023). However, AI uses the same criteria in grading all assignments, so it 
can help make student assessments fairer and objective. Relying too much on AI in assessment can 
make the learning experience feel less human. Students may feel that their assignments are being 
graded by machines, not by someone who truly understands their learning process (Opesemowo & 
Adekomaya, 2024). It can lead to a lack of motivation and student engagement, as direct 
interaction with teachers is vital in creating a supportive learning environment. AI that provides 
standardized feedback may not be able to adapt to each student's unique needs, even though 
personalization is essential in the learning process (Damaševičius, 2024). This situation is further 
complicated by the possibility of AI encouraging dishonest academic actions. If they rely too much 
on automated assessments, students may be tempted to look for ways to manipulate the system to 
get high grades, so they consider shortcuts acceptable (Crompton & Burke, 2022). These concerns 
emphasize the need for educators to maintain a balanced approach by ensuring that AI 
complements but does not replace their pedagogical expertise. 

The integration of AI technology into education systems is expanding, particularly in 
evaluating students. However, this raises issues of injustice and discrimination, which could 
disadvantage students from different backgrounds. AI systems tend to incorporate preexisting 
bias within their datasets (Zong et al., 2023). Furthermore, the application of AI for adaptive 
instruction has the potential to worsen inequality disproportionally. The objective is to modify and 
optimize the educational content for every learner. In reality, it only aids privileged learners, 
thereby increasing the divide with the underprivileged (J. Lee et al., 2024). One might attribute 
this phenomenon to education, where students endowed with AI will be better equipped to exploit 
it. 

Consequently, there is a disparity in evaluating students' skills and talents, which may foster 
biased views among diverse social strata (Anuyahong et al., 2023). This scenario is further 
exacerbated by bias stemming from inequality concerning the evaluation of students. Gender, 
ethnicity, and even nationality can influence how students are appraised, which leads to 
discrimination within the evaluation framework (F. Kim et al., 2024). To tackle these issues, 
educators and other stakeholders involved in implementing AI should be provided with clear 
ethical boundaries and comprehensive training related to AI use in Education. Educators and 
school leaders need to comprehend the biases that can arise from algorithms so that efforts may 
be taken to mitigate algorithmic social injustice (Gándara et al., 2024). Furthermore, bias detection 
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and mitigation in educational algorithms should be systematically designed in order to increase 
fairness within the evaluation processes in education (Baker & Fairclough, 2021). In conclusion, 
although AI has the potential to enhance accuracy and efficiency in educational assessments, 
ingrained biases pose a significant challenge to the attainment of fairness and equality in academic 
institutions. Addressing this challenge requires collaborative understanding, decisive action, and 
dedicated efforts towards achieving equity in the use of AI in education. 

Numerous problems can stem from the use of AI in education that will likely change fairness 
among students when assessing teachers. A lack of representation among all students in the 
training data is one of the foremost issues (Pham et al., 2025). Many AI systems are trained with 
data that only covers certain groups, leaving them far from reflecting the diversity present in the 
educational landscape. AI can either help or hinder the evaluation of a group of students. 
Additionally, the algorithms used in the evaluation of AI systems could generate bias. Bias occurs 
when an algorithm reflects the beliefs of its programmers, often made without conscious intent. 
For example, if an algorithm is created based on specific “ideal” benchmarks set by a programmer, 
there could be students who are capable of performing better than those who are deemed ideal 
but do not meet the programmed standards (Tri & Nataliani, 2021). As for social and cultural 
elements, peer views and general sociological attitudes towards education and assessment can 
shape the algorithm’s evaluation metrics and student scoring frameworks (Ramadan, 2024). 
Overall, the more structured the approach to mitigating bias in assessments, the more effective it 
will be. Suggested approaches outline wider use of data, refinement of the algorithm, and deeper 
appreciation of possible biases within the system by developers and users. 

Reflecting on technological innovations and ethical dilemmas in education, targeted 
research on the impact AI technology has on assessing a student’s academic performance 
conducted between 2010-2024 is nothing short of fascinating. Analyzing the advantages and 
biases of AI in academic assessment between the years 2010 and 2024 shows an ongoing process 
characterized by rapid technological development and persistent ethical concerns. Past research 
has noted the extensive capabilities of AI to assist with personalized education, as well as the 
algorithmic biases that threaten equality within education. However, there are still gaps in 
addressing these biases concerning culture and current AI technologies. As a response, the most 
recent studies highlight the need to address the issues of fairness and inclusivity within AI-driven 
assessment tools in relation to automated algorithms that adapt to students' learning routines in 
order to provide personalized feedback and foster equitable education in a shifting digital 
landscape. The studies reveal that AI can be an effective tool for personalizing learning and 
assessment. These insights allow educators to devise tailored instructional strategies for every 
learner (Anuyahong et al., 2023). The studies reveal that AI can be an effective tool for 
personalizing learning and assessment. Educators, guided by AI’s analytical capabilities, can more 
efficiently identify each student’s unique strengths and weaknesses (Ifenthaler et al., 2024). 
Alongside these advantages, the impact of AI on education also raises the concern of bias.  

One of the most widespread is bias in algorithms, which usually arises from training data 
that does not capture all groups of learners. Consequently, AI systems are capable of making 
unjust assessments, particularly when fairness does not factor into the algorithm's architecture 
(Zong et al., 2023). Evidence suggests that a lack of diversity within training datasets can heighten 
bias within AI-based scoring systems (Emilio, 2024). Studies done in the last ten years strongly 
advocate for the need for policies and practices that uphold and promote transparency and 
accountability in the application of AI algorithms. Bias can be mitigated with the application of 
“fair AI,” which centers ethical benchmarks in the design and application of AI frameworks. It  
involves deep impact analysis concerning the use of AI on education so that outcomes reflect 
fairness and equity (Cavique, 2024). It seeks to understand how educational outcomes are 
impacted by the technology, ensuring that the technology acts to enhance fairness and equity in 
student evaluations. As a whole, studies conducted over the past decade provide evidence that 
although there is great potential for AI to transform grading systems, issues of bias and fairness in 
AI still pose a challenge. It is hoped that further research can develop a more ethical and equitable 
way of using AI in the world of education, so that all students can enjoy the benefits of this 
technology without discrimination.   

 



Online Learning in Educational Research 
Risdianto et al. │ Unveiling the Dual Nature… 

192 | Online Learning in Educational Research 

METHOD 

This research follows the Systematic Literature Review (SLR) approach. For the study “AI and 
Grading Mechanisms: A Critical Review of Benefits and Biases”, data was gathered using eight key 
search terms. The entire dataset was sourced from the Scopus database, and it was filtered to 
include publications from the years 2021 to 2025. This range was selected because finding recent 
articles pertinent to the subject matter presented a challenge. 

The search terms are grouped into various sets. The first and second keywords include 
"Artificial Intelligence" OR "AI" OR "Machine Learning" and "Automated Grading" OR "Automated 
Assessment" OR "AI Grading" OR "Automated Scoring". The fourth to sixth keywords are aimed at 
finding articles that discuss the benefits as well as biases in the application of AI for assessment, 
using keywords such as "Artificial Intelligence" OR "AI" OR "Machine Learning", "Automated 
Grading" OR "AI Grading" OR "Automated Assessment", and "Bias" OR "Fairness" OR "Equity" OR 
"Ethical Issues". Meanwhile, the seventh and eighth keywords were used to explore aspects of the 
validity and reliability of AI-based assessment systems, using keywords such as "Artificial 
Intelligence" OR "AI" OR "Machine Learning", "Educational Assessment" OR "Assessment System" 
OR "Automated Grading", and "Validity" OR "Reliability" OR "Transparency". After using this 
keyword, we will get the number of articles we want. Then, all the article data that has been 
downloaded in CSV format is combined into one file. Furthermore, the merged CSV file is processed 
using the OpenRefine application. This application cleans data from duplicates and biased articles. 
After cleaning, the number of valid and ready articles is analyzed. 

The next stage is interpreting bibliometric data using the Biblioshiny application. Through 
this application, various important information is obtained such as keyword metadata, key 
information on data sheets, graphs and growth tables of articles per year, graphs and tables of 
citations per year, Three-Field Plot diagrams, list of the most relevant sources, local impact of 
sources, core sources based on Bradford's Law, cumulative frequency of occurrences, production of 
authors over time, distribution of correspondent authors by country,  as well as graphs and tables 
related to the scientific contributions of countries in the field (Ullah et al., 2023). 

Next, the data is visualized using the VOSviewer application, which displays relationships 
between articles, authors, and topics in Overlay Visualization and Network Visualization (Yakir et 
al., 2023). This visualization is very helpful in understanding the patterns of linkages in the 
literature analyzed. Figure 1 is a diagram of the flow chart of this SLR research. 

 

 

Figure 1 Research Method Flow Diagram 
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PRISMA Method 
The PRISMA method is used to carry out the following data screening process, which is the 

step used in the method shown in Figure 2.  
 

 
Figure 2. The PRISMA Method 

 
Figure 2, the process of selecting articles for this systematic review is carried out according to 

the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines and 
is described in detail through the flow diagram in the PRISMA Figure above. This process consists 
of four main stages: identification, screening, eligibility, and inclusion. 

 
RESULTS AND DISCUSSION 

Bibliometric Studies 
The search strategy used Scopus data sources related to this research theme in the 

bibliometric analysis. From several keywords selected, three keywords were chosen: keywords for 
a broad search about AI in grading, focusing on the benefits and biases of AI in grading, and 
keywords to highlight the validity and reliability of AI in academic assessment. For a broad search 
on AI in grading, see Table 1. 

 
Table 1. Article Data Recapitulation Based on AI Keyword Combination and Automatic Assessment 

Keyword Combination 
Initial 
Data 

Count 

Year 
Range 

Filter Criteria 
Data Count 

After 
Filtering 

("Artificial Intelligence" OR "AI" OR 
"Machine Learning") AND ("Automated 
Grading" OR "Automated Assessment" OR 
"AI Grading" OR "Automated Scoring") 

349 1997-
2025 

Limited Article, Open 
Access, English 
Language, Article Type, 
Review, Conference 
Proceedings 

110 

("Artificial Intelligence" OR "AI" OR 
"Machine Learning") AND ("Automated 
Grading" OR "AI Grading" OR "Automated 

2 2015-
2025 

Limited Article, Open 
Access, English 
Language, Article Type, 

2 
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Keyword Combination 
Initial 
Data 

Count 

Year 
Range 

Filter Criteria 
Data Count 

After 
Filtering 

Assessment") AND ("Bias" OR "Fairness" 
OR "Equity" OR "Ethical Issues") 

Review, Conference 
Proceedings 

("Artificial Intelligence" OR "AI" OR 
"Machine Learning") AND ("Educational 
Assessment" OR "Assessment System" OR 
"Automated Grading") AND ("Validity" OR 
"Reliability" OR "Transparency") 

15 1997-
2025 

Limited Article, Open 
Access, English 
Language, Article Type, 
Review, Conference 
Proceedings 

14 

Total Articles After Merging and Deduplication 126 

 
Reduce duplicate data 

Using data from the three files of the search results of the keywords above that are exported, 
it is compressed into a zip file and then entered into Open Refine. This application filters data, 
especially to see whether or not the data obtained from search results is there (Pranckutė, 2021). In 
addition, this application can also be used to eliminate keyword bias in the data received. Initially, 
the data was obtained from as many as 128 articles, but when entered into Open Refine, it was 
reduced to 121 articles, as seen in Figure 3. 
 

 
 

Figure 3. The Meta Data on DE/Keyword is Good 
 

Furthermore, the process of interpreting bibliometric data can be carried out using the 
Bibliosiny application. Table 2 provides the main information on the data as a whole. 

 

Table 2. Main Information on the Data Sheet 
Description Results 

MAIN INFORMATION ABOUT DATA  
Timespan 2016:2025 
Sources (Journals, Books, etc) 91 
Documents 121 
Annual Growth Rate % 22.03 
Document Average Age 2.83 
Average citations per doc 11.83 
References 5236 
DOCUMENT CONTENTS  
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Description Results 
Keywords Plus (ID) 1256 
Author's Keywords (DE) 419 
AUTHORS  
Authors 635 
Authors of single-authored docs 6 
AUTHORS COLLABORATION  
Single-authored docs 6 
Co-Authors per Doc 5.58 
International co-authorships % 22.31 
DOCUMENT TYPES  
article 82 
conference paper 32 
review 7 

 
Table 2 summarizes key information from the research data from 2016 to 2025. In this 

period, it was recorded that 121 documents were used, coming from 91 different sources such as 
journals, books, and others. The annual growth rate of publications reaches 22.03%, a relatively 
rapid increase from year to year. The average age of documents is around 2.8 years, which indicates 
that most documents are still relatively new. Interestingly, each document gets an average of about 
12 citations, indicating that the results of this research are quite influential in their field. This is 
categorized as quite high. The total references used in the document reached 5,236, indicating that 
each document referred to multiple sources and had a solid foundation. 

Regarding content, it found about 1,256 "Plus" keywords (usually added by the system to 
expand the topic), and 419 keywords that came directly from the author. This shows that the scope 
of the research topic is quite broad, but there is still a specific focus according to the author's 
interests. Regarding collaborations, 635 authors were involved in the overall publication. Only six 
documents were written by one person, so cooperation is common in this study. On average, there 
are 5 to 6 authors in one document. In addition, about 22% of the publications involved 
cooperation between countries, which indicates international involvement in developing this 
research. 

When viewed from the type of documents, most of them are in the form of articles (82 
documents), followed by conference papers (32), and the rest in the form of literature reviews (7). 
This shows that research results are more published in scientific articles and conference 
presentations than in literature reviews. Overall, these data illustrate that over the past decade, 
publications in this field have been evolving, are largely collaborative, have a wide range of topic 
coverage, and have had a considerable impact on the scientific community. The graph in Figure 4 
provides a visual overview of how these publication trends have evolved from year to year. 

 

 
Figure 4. Year-Over-Year Growth Chart 
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It can be shown by the distribution of the data in Table 3.  
 

Table 3. Yearly Growth 
Year Articles 
2016 1 
2017 2 
2018 5 
2019 6 
2020 10 
2021 15 
2022 23 
2023 15 
2024 38 
2025 6 

 
Based on Figure 4 and Table 3, we can see an increasing trend in scientific publications 

yearly. At the beginning of the period, precisely in 2016, the number of articles published was still 
very small, only one or two. However, from 2017 to 2021, there was steady growth yearly, and the 
number of publications increased slowly. The peak occurred in 2022, when articles jumped sharply 
to more than 30 publications. This was the most productive year during that period. But after that, 
in 2023 and 2024, the chart shows a fairly significant decline. The number of articles published has 
dropped drastically compared to the previous year. 

From this pattern, there was an explosion of research activity in 2024, maybe because of 
greater support, increased funding, or a high research focus at that time. The decline in the 
following years could be due to reduced resources, a shift in research focus, or other external 
factors that influence it. Even so, in general, the trend that looks positive remains positive. The 
production of scientific articles tends to increase when viewed in the overall time, and this 
indicates good progress in research activities in the field. In addition to the annual publication 
trends, Figure 5 presents the distribution of average citations per published article each year, 
providing an overview of the scholarly impact of publications from 2016 to 2025. 
 

 
Figure 5. Annual Citation Chart 
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This can be explained in the form of Table 4. 
 

Table 4. Annual Citation 
Year MeanTCperArt N MeanTCperYear CitableYears 
2016 11.00 1 1.10 10 
2017 98.00 2 10.89 9 
2018 29.60 5 3.70 8 
2019 10.67 6 1.52 7 
2020 23.50 10 3.92 6 
2021 18.53 15 3.71 5 
2022 13.70 23 3.42 4 
2023 4.00 15 1.33 3 
2024 3.13 38 1.56 2 
2025 0.83 6 0.83 1 

 
Figure 5 the graph and Table 4 shown provide an overview of the production of scientific 

articles each year, by looking at several important aspects, such as the average citations per article 
(MeanTCperArt), the number of articles published (N), the average citations per year 
(MeanTCperYear), and the number of years the article can be cited (CitableYears). 

Only one article was published in 2016, but interestingly, it had a considerable impact, with 
an average of 11 citations. After that, the number of articles increased by two in 2017 and by five in 
2018. However, although the number of articles increased, the average citations decreased, for 
example, to around 10.89 in 2017 and dropped further to 3.70 in 2018. 

A jump in the number of articles was also seen in the following years, such as in 2020 and 
especially in 2021, which recorded 15 articles with an average of citations per year of around 3.71. 
But the most striking is from 2022 to 2024, when the number of articles rose sharply by 23 in 2022 
and reached 38 in 2024. Unfortunately, this increase in number is not accompanied by a 
commensurate impact on citations. For example, in 2024, although many articles are published, the 
average citation will drop to 1.56 per article. The "publish or perish" mentality dominates academic 
culture, leading to a prioritization of quantity over quality in research output. This phenomenon is 
especially evident in fields like education, where researchers often chase trending topics instead of 
contributing meaningfully to societal needs, which is particularly pronounced in policy-driven 
fields such as education (Kara Aydemir & Can, 2019). The increasing pressure to publish rapidly 
can compromise the integrity and depth of scholarly work, as observed in various disciplines where 
authors gravitate towards quicker-to-produce article formats (Ngaage et al., 2023). Furthermore, in 
competitive academic environments, metrics such as impact factors and publication counts serve as 
benchmarks for success, compelling scholars to prioritize publication volume at the expense of 
thorough academic rigor (G. T. Lee et al., 2023). Consequently, this trend may contribute to a 
superficial approach to research, diminishing the overall quality and significance of scholarly 
contributions (S. Kim et al., 2018).  

The year 2025 also shows a similar trend. Only six articles were published; the average 
citation was even lower, 0.83. The articles are probably still new and haven't been cited much. 
Overall, this data shows that although productivity in writing articles increases from year to year, 
not all of them have a high impact in terms of citations. To further illustrate the connections 
between authors, cited references, and research themes in this field, Figure 6 presents a Three-
Field Plot diagram that maps the relationship among these three key elements in the analyzed 
literature. 
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Figure 6. Three-Field Plot Diagram. 
 

Figure 6 shows a Three-Field Plot diagram, which illustrates the relationship between three 
essential elements of research: frequently cited scientific references (CR), author names (AU), and 
research topics or themes discussed (DE). This diagram helps us see how the three are 
interconnected, who wrote what, and where they referred. 

In the reference section (CR), two names stand out the most because they are most often 
cited: Aleven V. and Koedinger K. R., with their work on metacognitive strategies in computer-based 
learning, and Devlin J. and his team, famous for the BERT model, a preliminary training method for 
transformers in language processing. These two references are the primary references for many 
studies in this field. 

If we look at the author section (AU), some names that often appear are Cimolin V., Li X., 
Azzaro C., and Chimenti A. They are known to write actively on machine learning, automatic 
assessment, and deep learning topics. This means they contribute a lot to research involving 
advanced technologies in education and data analysis. 

Meanwhile, themes often appearing in the topic (DE) section include machine learning, 
automated assessment, deep learning, and artificial intelligence (AI). This shows that the authors 
are indeed focused on the use of modern technology in education, from automatic assessment to 
natural language processing using AI. The Three-Field Plot illustrates the relationship between 
authors, cited references, and research topics. It reveals how prominent authors cite key works, 
shaping the foundation of knowledge in AI in education. This connection shows how research on AI 
and automated assessment evolves and highlights topics like algorithmic bias in the literature. 
Conceptually, the diagram demonstrates how collaboration among authors and frequently cited 
references influences the direction of research in this field. The correlation between authors (AU), 
citations (CR), and research topics (DE) reflects how frequently cited authors shape the narrative 
on algorithmic bias. Major authors often focus on algorithmic bias in AI, which can exacerbate 
inequities in educational assessments. If left unaddressed, this bias could further perpetuate 
injustice and overlook more inclusive perspectives. Dominance of specific authors or topics can 
create scholarly hegemony, limiting the diversity of ideas in research. Over-reliance on a few 
authors or theories narrows the perspective on algorithmic bias, sidelining more equitable 
alternatives. Antonio Gramsci's theory of hegemony elucidates how intellectual dominance can lead 
to significant imbalances in knowledge production, marginalizing alternative perspectives. Gramsci 
argued that hegemony involves a combination of coercion and consent, where the ruling class's 
worldview is normalized and accepted as the societal standard, thereby stifling dissent and diverse 
viewpoints (Legwegoh & Fraser, 2015). This normalization often manifests in academia, where the 
paradigms prevalent in the Global North overshadow local knowledge systems from the Global 
South, perpetuating intellectual inequities. Gramsci delineates several forms of hegemony: total, 
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decadent, and minimum, which illustrate the varying degrees of control exerted by dominant 
groups over societal discourse (Ramlan et al., 2023). Furthermore, the role of intellectuals in 
promoting hegemonic ideas is critical, as they help frame these dominant narratives as "common 
sense," thereby limiting the scope for alternative epistemologies (Richard & Molloy, 2020). The 
implications of Gramsci’s insights are particularly relevant today, as the dominance of certain 
academic narratives continues to obscure broader perspectives in global knowledge production 
(Kharbach, 2020; James et al., 2022). 

Overall, this diagram shows the close relationship between the authors, the references they 
use, and the topics they raise.  They are all interconnected in one common thread: the application of 
innovative technology to support education's learning and evaluation process. The most relevant 
sources can be seen in Figure 7. 

 

 
Figure 7. Most Relevant Source. 

 
From the data shown in Figure 7, the journal SENSORS was recorded as the most published 

journal in this study, with five documents. This shows that the journal is vital in developing the 
topics discussed. The other three journals that are also quite prominent are Applied Sciences 
(Switzerland), Computers and Education: Artificial Intelligence, and the International Journal of 
Artificial Intelligence, each contributing four documents, which signifies their significant 
contributions in the related field. 

In addition, several other journals, such as IEEE Transactions on Neural Systems and 
Rehabilitation Engineering, Lecture Notes in Computer Science (including subseries), and 
Proceedings of the International Florida Artificial Intelligence Research Society, publish three 
papers each. Although the number is slightly lower, these journals still have a fairly significant role. 

Several other journals, such as BMC Bioinformatics, Current Medical Imaging, and ETS 
Research Report Series, contributed only two articles each. This shows that while they are still 
relevant, their contributions are not as significant as those of the major journals mentioned earlier. 

Overall, Table 5 gives an idea of this study's most influential journals or sources of 
publications. The journal SENSORS and several other journals appear to dominate, which shows 
that the research topics are closely related to sensor technology, artificial intelligence in education, 
and computer science. However, the diversity of sources also indicates that this field of research 
touches a wide range of disciplines, from engineering and education to medicine and 
bioinformatics.   
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Table 5. List of Journals and Number of Articles Related to AI Research. 
Number 

of 
Articles 

Journal Name Description 

5 SENSORS Published the highest number of 
articles in this study, highlighting 
its key role in advancing the 
discussed topics. 

4 Applied Sciences (Switzerland), Computers and 
Education: Artificial Intelligence, International 
Journal of Artificial Intelligence 

Following closely with significant 
contributions, underscoring their 
important influence in the field. 

3 IEEE Transactions on Neural Systems and 
Rehabilitation Engineering, Lecture Notes in 
Computer Science (and its subseries), 
Proceedings of the International Florida 
Artificial Intelligence Research Society 

While slightly lower in number, 
these journals maintain important 
roles in the research community. 

2 BMC Bioinformatics, Current Medical Imaging, 
ETS Research Report Series 

Their impact is smaller compared 
to the leading journals, but they 
remain relevant to the field. 

Overall Various sources from different disciplines Illustrates the interdisciplinary 
nature of this research area, 
spanning engineering, education, 
medicine, and bioinformatics. 

 
Table 6. Sources' Local Impact. 

Source 
h-

index 
g-

index 
m-

index 
TC NP PY_start 

Sensors 4 5 0.800 160 5 2021 
Ieee Transactions on Neural Systems and 
Rehabilitation Engineering 

3 3 0.500 84 3 2020 

International Journal of Artificial Intelligence in 
Education 

3 4 0.600 58 4 2021 

Bmc Bioinformatics 2 2 0.286 35 2 2019 
Computers And Education: Artificial Intelligence 2 4 0.500 40 4 2022 
Ets Research Report Series 2 2 0.250 9 2 2018 
Journal Of Physics: Conference Series 2 2 0.250 44 2 2018 
Lecture Notes in Computer Science (Including 
Subseries Lecture Notes in Artificial Intelligence 
and Lecture Notes in Bioinformatics) 

2 3 0.333 36 3 2020 

Sensors (Switzerland) 2 2 0.250 78 2 2018 
2023 Ieee 10th International Conference on Data 
Science and Advanced Analytics, Dsaa 2023 - 
Proceedings 

1 1 0.333 5 1 2023 

 
Based on the data from Table 6, it can be seen that the SENSORS journal occupies the top 

position as the source with the most influence. The existing data reveals that the journals published 
after 2021 had a significant impact. Notably, the IEEE journals published after 2020 gained much 
attention with their high g and h indices. This demonstrates that since their publication, the content 
has been viewed and referred to by experts and scholars internationally. Known as one of the most 
dominant journals, the IEEE Transactions on Neural Systems and Rehabilitation Engineering 
demonstrates great influence in the field with an h-index of three, a g-index of three, an m-index of 
0.50, and a total of 84 citations. 
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The International Journal of Artificial Intelligence in Education also has an h-index of 3, g-
index 4, and m-index 0.6 created an impression proving their importance in the AI education 
sphere after 2021. Other less recognized journals like BMC Bioinformatics and Computers and 
Education: Artificial Intelligence, along with ETS Research, are still actively participating in the 
global dialogue despite having an h-index of two. 

There are also journals or proceedings such as Sensors (Switzerland) and the Journal of 
Physics: Conference Series, which both have an h-index of 2, but with several publications and 
citations that are not as many as other top journals. The most recent source, the 2023 IEEE 10th 
International Conference on Data Science and Advanced Analytics (DSAA 2023 – Proceedings), is 
recorded with an h-index and g-index of 1 each, an m-index of 0.333, and a total of 5 citations. It 
shows that the conference is still in its early stages of building its impact in the scientific 
community. Overall, this data shows a variation in the level of influence between journals. SENSORS 
and IEEE Transactions on Neural Systems and Rehabilitation Engineering are the most influential 
publications. In contrast, the others remain essential contributions in their respective fields, albeit 
on a smaller scale. Figure 8 is the Core Sources according to Bradford's Law data. This data is taken 
from the top 10 data. 

 
Figure 8. Core Sources by Bradford's Law. 

 
Figure 8 shows the distribution of the primary sources of scientific publications under 

Bradford's Law. This graph shows how scientific articles are scattered across various journals or 
sources, following a pattern called Bradford's Law of Scattering. The horizontal axis depicts the 
order of sources based on logarithmic rank (log(Rank)), and the vertical axis shows the number of 
articles published by each source. 

According to Bradford's principle, only a few core journals produce the majority of articles on 
a topic, while most other journals contribute only a small number of articles. This pattern is clearly 
visible on the chart. For example, the journal SENSORS is the most prominent because it publishes 
five articles, followed by several other journals such as Applied Sciences (Switzerland), Computers 
and Education, International Journal of Artificial Intelligence, and IEEE Transactions on Neural 
Systems and Rehabilitation Engineering, which publish four articles each. 

The journals above fall into the "core sources" category marked on the graph with gray areas. 
After passing through this core group, the number of articles from subsequent sources decreases 
drastically, generally publishing only three or fewer articles. This graph shows that most scientific 
publications are concentrated in a few major journals, while the rest contribute only small amounts. 
This is based on Bradford's Law, which states that research activities in a field are usually focused 
on a few highly productive sources. Figure 9 is the Cumulative Occurrences graph data.  
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Figure 9. Cumulate Occurrences. 
 

Figure 9 shows a cumulative graph of publications from various journals and conferences 
between 2016 and 2025. Each colored line on the graph represents a different source of 
publication, and shows how the number of articles from each source has increased over time. From 
the graph, it can be seen that the SENSORS journal (marked with a purple line) is the most 
prominent. Publications from this journal have been consistent since 2019 and experienced a sharp 
increase in 2023 and 2024, then peaked in 2025. It shows that SENSORS is increasingly being used 
as a reference and is becoming one of the primary sources in this field. 

The IEEE Journal Transactions on Neural Systems and Rehabilitation Engineering (green) has 
also shown steady growth since its inception in 2020. Meanwhile, the International Journal of 
Artificial Intelligence in Education (in blue) began to see an increase in publications in the same 
year. However, the growth was not as fast as IEEE Transactions. Lecture Notes in Computer Science 
(turquoise) also became active in 2020, but its growth slowed after a few years, indicating that 
while it is still relevant, its contribution is not as significant as that of other sources. Meanwhile, the 
other two sources, Computers and Education: Artificial Intelligence (orange) and FLAIRS 
Conference Proceedings (yellow), show slower and less active publication growth in 2023 and 
2024. This graph shows that SENSORS and IEEE Transactions are two of the most active and fast-
growing sources in recent years, while other sources have grown more slowly or inconsistently. 

 
Authors Information 
 

Table 7. Most Relevant Authors 
Authors Articles Articles Fractionalized 

Li X 4 0.59 
Banjade R 3 0.59 
Oli P 3 0.59 
Rus V 3 0.59 
Xiao X 3 0.80 
Zhao S 3 0.47 
Azzaro C 2 0.21 
Cau N 2 0.21 
Chapagain J 2 0.34 
Chen J 2 0.18 
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Table 7 shows the list of the most active authors in the publications analyzed. Two main 
pieces of information are shown: the total number of articles written by each author and 
fractionalized contributions, which measure how much of their role is in each article, especially 
when writing with other authors. From this data, it can be seen that LI X is the author with the 
highest number of articles, namely four articles, and has a fractionalization contribution of 0.59. 
This figure shows that his contribution to each article is still relatively significant despite working 
with other authors. 

Authors such as BANJADE R, OLI P, RUS V, and XIAO X also wrote three articles each, with the 
same fractionalization value of 0.59. Meanwhile, ZHAO S also wrote three articles, but the 
fractionalized value was slightly lower at 0.47, indicating a collaborative role that may be more 
divided than other writers. Several authors, such as AZZARO C, CAU N, CHAPAGAIN J, and CHEN J, 
have written two articles each. However, their contributions per article vary between 0.18 and 
0.34, which suggests that they are most likely to write alongside a larger team. 

Overall, these data show that although some authors are quite productive in the number of 
articles they write, the level of their contributions in each article tends to be moderate or evenly 
split with other co-authors. 

 
Data Authors Production Over Time. 
 

 
Figure 10. Data Authors Production Over Time 

 
Figure 10 shows a graph of the productivity of writers from 2018 to 2024, showing how 

many articles they produce each year. Each line in the graph represents a single author, where the 
length and thickness of the lines reflect the number of articles and the publication period. This 
graph shows that LI X is the most prolific writer, with many articles, especially in 2020 and 2021, 
and continues to contribute until 2022. Meanwhile, authors such as BANJADE R, OLI P, and RUS V 
are also quite active, although the number of articles is not as high as LI X. They are consistent in 
publishing works, especially around 2020 and 2021. 

Other authors such as XIAO X and ZHAO S are also actively involved, albeit with slightly fewer 
publications. Meanwhile, AZZARO C and CAU N have had fewer publications but remained active in 
publishing articles periodically throughout the period. On the other hand, the contributions of 
CHAPAGAIN J and CHEN J appear to be more limited. CHAPAGAIN J had several publications in 
2020, while CHEN J was only recorded as having published one article in 2023. 

Overall, this graph clearly shows who the most active authors in this field of research are. LI X 
seems to be the most prominent, while the other authors continue to play important roles despite 
the smaller number of publications. 
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Countries 

 
Figure 11. Author's Correspondence by Country 

 
Figure 11 shows a graph of the number of scientific papers published by the country of origin 

of the author of the correspondence. This graph divides the types of collaboration in publications 
into two: SCP (Single-Country Papers), which means that authors are from only one country 
(marked in green), and MCP (Multi-Country Papers), which means that authors work together 
across countries (marked in red). The graph shows that the United States (USA) has the highest 
number of publications, and most of its articles are written by authors from the country (SCP). 
China also occupies the top position, with a reasonably balanced distribution between national 
publications and international collaborations. 

Countries such as the United Kingdom and Germany follow this trend with a high number of 
publications, and most of them also come from domestic collaborations (SCPs). Then, countries 
such as Canada, Switzerland, Australia, and India also showed many publications, although most 
were still in the SCP category. Meanwhile, countries such as Italy, Greece, the Netherlands, and 
Poland have smaller contributions, but remain active, especially in domestic publications. Other 
countries such as Bangladesh, Belgium, Brazil, Bulgaria, Egypt, Hungary, and Indonesia were also 
recorded as contributing. However, the number of documents was smaller, and most were included 
in the SCP.  

Global inequality in knowledge production illustrates significant disparities rooted in 
historical and structural factors. Researchers from the Global North tend to dominate academic 
landscapes, often shaping research agendas that reflect their cultural contexts and priorities. This 
dominance leads to an underrepresentation of voices from the Global South, where scholars face 
challenges such as language barriers and limited access to high-profile journals, which are 
predominantly published in English (Wang, 2022). Furthermore, it has been noted that theories 
developed in the Global North often inadequately address the realities of the Global South, 
contributing to inequalities in academic knowledge production (Hosford et al., 2022). Decolonial 
movements also emphasize that colonial legacies continue to influence knowledge production 
dynamics, highlighting the necessity for redistributive justice in research practices (Udah, 2024). 
Community-based participatory research (CBPR) represents a promising avenue for countering 
these inequities by democratizing knowledge creation, fostering collaboration, and empowering 
marginalized communities (Cohen & Snyder, 2024). Ultimately, addressing these disparities 
requires a collective commitment to reforming the academic landscape and promoting inclusive 
practices that elevate diverse perspectives in knowledge production (Wilcox et al., 2020) 

This graph shows that large countries such as the USA and China dominate scientific 
publications in this field. Even so, there are also many contributions from various other countries, 
both through international cooperation and independent publications at the national level. Table 8 
is the data of the top 10 Countries' Scientific Production. 
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Table 8. Top 10 Countries' Scientific Production. 
Country Freq 

Usa 211 
China 90 

Uk 46 
Germany 44 

Italy 29 
Switzerland 28 

Canada 25 
Netherlands 18 

India 14 
Japan 14 

 
Table 8 shows the number of scientific publications produced by each country from 2016 to 

2025. From the data, the United States (USA) is in the top position with 211 documents, showing 
how much it contributed to research during this period. China ranks second with 90 documents, 
quite large as well, although still far behind the USA. Next in order is the UK with 46 publications, 
followed by Germany, which recorded 44 documents, both of which continue to show a strong role 
in the development of global science. Italy and Switzerland are also on the list with 29 and 28 
papers, which means they are active in their scientific contributions, although the scale is not as 
large as the countries above. 

Canada and the Netherlands recorded 25 and 18 publications, respectively, while India and 
Japan followed with 14 documents per country. Although the number is smaller, these countries' 
contributions remain significant in the international research arena. Overall, this data shows a gap 
in the number of publications between countries, with the USA and China as major players, while 
other countries continue to play a role, albeit on a smaller scale. 

 
Countries' Production over Time 
 

 
Figure 12. Charts of Countries' Production over Time 

 
Figure 12 shows how scientific publication trends are developing in several countries, 

namely China, Germany, Italy, the United Kingdom (UK), and the United States (USA) from 2016 to 
2025. In this graph, each line represents one country, with the horizontal axis indicating the year 
and the vertical axis indicating the number of articles published. The USA (with the purple line) 
looks the most prominent in the chart. After 2020, the number of publications from this country 
jumped sharply and continues to increase until 2025. It shows how dominant the USA's role is in 
the research world today. China (red line) also showed rapid growth that began to be felt since 
2020, with a trend that continued to climb until the end of the period. 

Meanwhile, Germany (green line) experienced a slower increase, but still showed steady 
growth. Italy (blue line) and the UK (yellow line) have a trend that tends to be flat with no 
significant spikes, but still increase consistently from year to year. Overall, this graph shows that 
the USA and China are major players in producing scientific articles, with very noticeable growth, 
especially in recent years. European countries such as Germany, Italy, and the UK are also actively 
contributing, albeit at a slower growth rate. 
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Most Cited Countries 
 

 
Figure 13. Most Cited Countries 

 

Figure 13 shows a graph of the countries with the highest number of citations in the scientific 
publications analyzed. The vertical axis shows the country's name, while the horizontal axis shows 
the total citations received by publications from each country. 

The graph shows that Romania is in first place with 128 citations, followed by the United 
Kingdom with 127 citations and Italy with 121 citations. It shows that these countries have a 
considerable impact on scientific publications. Furthermore, the Netherlands recorded 119 
citations, while the USA and China received 112 and 110, respectively. Although the USA and China 
have more articles, they are not as dominant regarding the number of citations compared to other 
countries. 

Countries such as Germany, Switzerland, Australia, and Bangladesh recorded lower citations. 
Germany received 80 citations, and Switzerland received 76 citations. Meanwhile, Bangladesh is in 
last place with only 40 citations, showing that despite contributing to scientific publications, its 
influence in terms of citations is still much smaller compared to other major countries. 

Overall, this chart reveals that Romania, the United Kingdom, and Italy dominate in terms of 
citations. Although major countries like the USA and China have many publications, they are not so 
dominant in terms of citations. 
 
Overlay visualization. 

 
Figure 14. Contact Map 
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Figure 14 shows a keyword map showing the relationships between various topics related to 
"automated scoring," "artificial intelligence," and "machine learning" in scientific research 
published between 2020 and 2024. This map shows how many different ideas, technologies, and 
topics relate to each other. 

It becomes clear that “automated assessment” and “artificial intelligence” are the two main 
focal points of the map because all the relevant keywords, such as “machine learning” and “deep 
learning,” circle them. It seems that in modern research, implementing AI and machine learning 
into automated assessments is a significant area of work. Some of the keywords like “student,” 
“educational assessment,” and “learning system”, suggest that a lot of research aims at leveraging AI 
for enhancing student assessments and learning. 

Students are concerned about learning fairness and lack of transparency due to keywords 
like explainable AI and fairness. Some other topics that came up are “virtual reality,” “natural 
language processing,” and “predictive value,” which imply the introduction of novel technologies 
into AI and automated assessment. The emergence of “automated scoring systems” and “learning 
algorithms” is also indicative of the development of more sophisticated automated intelligent 
scoring systems. The evolving nature of these topics is also displayed in the map. Trends that are 
growing in popularity from 2020 to 2024 are represented by lighter colors. In recent times, there 
has been a greater emphasis on “contrastive learning”, “adversarial machine learning”, and 
“reinforcement learning”, which mark the application of sophisticated techniques in evaluative 
technology and machine learning. 

 
Network Visualization 

 
Figure 15. Network Visualization 

 
Figure 15, a network visualization of the topics around automated assessment and artificial 

intelligence (AI) with a focus on its applications in education and medicine. The dots in the image 
represent key concepts one needs to understand, and the lines joining them indicate how they 
relate to each other. The largest grouping marked in red has a focus on automated assessments as 
well as AI. Keywords like AI, computerized assessment, machine learning, and deep learning appear 
in this group, which indicates that the core theme of this network revolves around the use of 
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intelligent technology in assessments, especially supporting automated assessment systems in 
education and other relevant fields. 

The yellow and green groups, however, are much more connected with medicine and human 
health, using keywords like spinal stenosis, human tissue, controlled studies, and diagnostic 
accuracy. It indicates that there is also an AI application in the diagnostic processes, as well as in 
other areas of human health research. Words such as student, educational assessments, and 
training sets connected to red groups show the importance of AI in education, particularly for 
assessing student progress and developing more personalized learning systems. Furthermore, the 
connection between AI, machine learning, and accuracy portrayed in this image shows the 
application of these technologies in enhancing precision in evaluations within education and 
healthcare.   

As stated earlier, this AI-powered Image with an example displays the use of automated 
scoring in different fields. It also highlights the convergence of technology, aiming to achieve 
greater efficiency in automated systems as well as data-driven decision making. 

 
SLR Study. 

Of the 121 data points obtained, 82 will be focused on the type of article. To provide a clearer 
overview of the dominant research outcomes in the reviewed literature, Table 9 categorizes the 
main findings based on thematic focus, number of papers, and their corresponding percentages. 
 

Table 9. Number of Documents by Publication Type. 
Num Kind Sum 

1 Article 82 
2 Conference Paper 32 
3 Reviews 7 

Total 121 

 
Results of the PRISMA method 
 

 
Figure 16. Results of the Prism Method. 
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Figure 16, the process of selecting articles for this systematic review is carried out according 
to the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines 
and is described in detail through the flow chart in the PRISMA Figure above (Sohrabi et al., 2021). 
This process consists of four main stages, namely identification, screening, eligibility, and inclusion. 

At the identification stage, the researcher obtained 136 records from two primary sources, 
namely from scientific databases, as many as 126, and from research records, as many as 10. 
Furthermore, early deletion of records that do not meet the basic criteria is carried out. A total of 
15 records were issued, with details of 4 records being duplicates, six records being deemed 
unsuitable by the automatic selection tool, and five other records were deleted for different reasons 
that were not explicitly explained (e.g., records were incomplete or irrelevant to the topic of the 
study). Thus, the number of records that entered the screening stage was 121. 

The screening stage involves examining the title and abstract of each note. This process aims 
to identify studies relevant to the review's focus. Of the 121 records, 39 were excluded because 
they did not meet the inclusion criteria, such as topic mismatches, irrelevant research methods, or 
inappropriate population coverage. The results of this stage resulted in 82 records that were 
deemed worthy of full-text search. 

Furthermore, at the feasibility assessment stage, a search was carried out for the complete 
report of the 82 records. However, as many as 10 reports were not successfully accessed, so only 72 
could be further assessed. Each report obtained is thoroughly analyzed to ensure methodological 
suitability, completeness of data, and relevance to the research question. Two reports were issued 
in this process due to data errors, such as inconsistencies between results and methods, or data 
that could not be processed systematically. 

The last stage is inclusivity, where as many as 70 studies were declared to meet the criteria 
and included in the final review. This number is identical to the number of reports from the study, 
which means that each study has one main report analyzed. This selection process shows that out 
of 136 initial records, only about 51.5% managed to pass to the final stage, reflecting the 
application of a strict selection based on objective and structured criteria. Table 10 is a more 
precise classification of research methodologies based on the type of research (quantitative, 
experimental, observational, qualitative, conceptual, mixed, and systematic review), with the 
number of papers and the percentage. 

 
Table 10. Classification of Types of Research Methods. 

Types of 
Research 

Number 
of Papers 

Percentage Characteristics & Examples 

Quantitative 45 64.3% - Using numerical data, statistical analysis, and 
computational models. - Examples: Research with 
machine learning, statistical analysis, or controlled 
experiments. 

Experimental 15 21.4% - Controlled design with intervention or treatment. - 
Example: Trial of AI models on specific datasets, 
laboratory experiments. 

Observational 12 17.1% - Observation without intervention, 
retrospective/prospective analysis. - Example: Clinical 
case study, secondary data analysis. 

Qualitative 5 7.1% - Interviews, content analysis, or phenomenological 
studies. - Examples: Studies of user perceptions of 
technology. 

Mixed 
Methods 

4 5.7% - A combination of quantitative and qualitative 
approaches. - Examples: Surveys + interviews, or 
statistical analysis + case studies. 

Systematic 
Review 

6 8.6% - Synthesis of literature with a structured methodology 
(PRISMA). - Example: Review of AI in education. 

Conceptual 3 4.3% - Theories, models, or frameworks without empirical data. 
- Example: A proposal for a new system architecture. 

Total 70 100%  
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Table 10 explains that quantitative research dominates (64.3%) due to trends in data, 
statistics, and algorithms such as machine learning. Experimental research (21.4%) is common in 
the medical and educational fields because it focuses on controlled trials, while observational 
research (17.1%) is more commonly used for retrospective studies without intervention. 
Qualitative research (7.1%) was used to explore perceptions or behaviors, and mixed methods 
(5.7%) combined numerical and narrative data to gain more comprehensive insights. A systematic 
review (8.6%) was conducted to synthesize the literature and identify trends, while conceptual 
research (4.3%) was theoretical with no empirical data. Overall, quantitative dominance reflects 
the trends of data-driven research and AI, while other approaches remain essential to social, 
pedagogical contexts, and theory development. Table 11 is the classification of the Main Findings 
based on the main findings category, the number of papers, and the percentage. 

 
Table 11. Main Findings Classification. 

Key Findings Categories 
Number of 

Papers 
Percentage Specific Examples 

Automated System Accuracy 
Improvement 

28 40% CNN achieved 98.62% accuracy in 
osteoarthritis classification (Paper 
20) 

Time/Process Efficiency 18 25.7% AI reduces MRI reading time to 2.83 
minutes (Paper 10) 

Clinical Validation of New 
Tools 

15 21.4% SpineNet valid for LSS assessment 
(Paper 35) 

Workload Reduction 12 17.1% ML reduces assessment load by 64-
74% (Paper 9) 

Expert Equivalent 
Performance 

10 14.3% CVSnet is 600x faster with physician-
equivalent accuracy (Paper 11) 

Identify New 
Patterns/Correlations 

8 11.4% Negative correlation of task 
complexity with ML performance 
(Paper 14) 

Cost Savings 5 7.1% EyeArt® is $143 cheaper per patient 
(Paper 37) 

Improved Learning Outcomes 5 7.1% Students with AI feedback increased 
significantly (Paper 3) 

Early/Predictive Detection 4 5.7% Cardiovascular adequacy prediction 
model (Paper 68) 

 
Table 11  explains that most studies (40%) show that AI/ML-based automated systems can 

improve the accuracy of assessments, often surpassing manual methods, especially in the 
classification of medical images and learning evaluation. In addition, efficiency was the main value 
raised, with a focus on reducing processing time (25.7%), workload (17.1%), and cost (7.1%). 
Clinical validation was also significant (21.4%), where many new tools were tested for conformity 
with medical standards. Some studies even uncover new patterns or correlations that are not 
detected manually and positively impact educational outcomes and skills. Looking ahead, research 
should focus more on integrating systems into real clinical practice, cost-benefit analysis of 
implementation, and longitudinal studies of impacts. Areas still underexplored include ethical 
issues, impact on the profession, and adaptation of cross-cultural and linguistic systems. Table 12 is 
the classification of design studies based on the study design category, the number of papers, and 
the percentage. 

 
Table 12. Classification Study Design. 

Categories Study 
Design 

Number of 
Papers 

Percentage Characteristics & Examples 

Observational 
Studies 

32 45.7% - Non-interventional data analysis- Examples: 
MRI retrospective assessment, clinical dataset 
analysis 
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Categories Study 
Design 

Number of 
Papers 

Percentage Characteristics & Examples 

Experimental 
Studies 

18 25.7% - Controlled design with intervention- Example: 
AI model trials, laboratory experiments 

Computational 
Studies 

12 17.1% - Focus on algorithm/model development- 
Example: CNN training, ML architecture 
optimization 

Systematic 
Review 

6 8.6% - Synthesis of structured literature- Example: 
Review of the application of AI in education 

Qualitative 
Studies 

5 7.1% - Interviews, content analysis- Example: Study of 
user perception of technology 

Case Studies 4 5.7% - In-depth analysis of a case/specific- Example: 
System implementation in one institution 

Conceptual 
Studies 

3 4.3% - Development of theories/frameworks- 
Example: New system architecture proposals 

 
 

Table 12 shows the dominance of observational studies (45.7%), generally in retrospective 
analysis of medical data or existing datasets, such as MRI automatic assessment or student 
performance evaluation. Experimental studies (25.7%) were used to test the effectiveness of new 
models or technologies in a controlled environment, while computational studies (17.1%) focused 
on algorithm development and machine learning architecture optimization. Non-empirical studies 
are also present in systematic reviews (8.6%) to synthesize existing literature and conceptual 
studies (4.3%) that propose new theories or frameworks. Future research is suggested to increase 
longitudinal studies to assess long-term impacts, comparative studies between methods, and real 
implementation in the field. In addition, there is a need to strengthen the use of mixed study 
designs, replication studies to ensure the validity of findings, and larger, more diverse samples. 
Table 13 is the classification of future research based on the recommendation category, the number 
of papers, and the percentage: 

 
Table 13. Future Research Classification. 

Recommended 
Categories 

Number of 
Papers 

Percentage Specific Examples 

Model/Algorithm 
Improvement 

38 54.3% - Development of more accurate architectures 
(Paper 44)- Optimization of model 
parameters (Paper 52) 

Clinical/Field 
Validation 

29 41.4% - Multicenter trial (Paper 10)- Longitudinal 
study (Paper 35) 

Dataset Expansion 25 35.7% - Increase in the number of samples (Paper 
19)- Diversification of the population (Paper 
37) 

Technology 
Integration 

22 31.4% - Multi-modal combination (Paper 18)- IoT 
and edge computing (Paper 6) 

Clinical/Practical 
Applications 

18 25.7% - Implementation in hospitals (Paper 11)- 
Physician decision aids (Paper 36) 

Ethics & Security 
Aspects 

12 17.1% - Algorithmic bias handling (Paper 56)- 
Patient data privacy (Paper 64) 

Cost Optimization & 
Scalability 

10 14.3% - Reduced implementation costs (Paper 5)- 
Affordable systems (Paper 65) 

Comparative Studies 8 11.4% - Comparison between methods (Paper 20)- 
Performance benchmarking (Paper 33) 

Standard 
Development 

6 8.6% - Implementation guidelines (Paper 15)- 
Standard evaluation criteria (Paper 48) 
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Table 13 shows that most studies (54.3%) focus on improving models or algorithms, while 
31.4% recommend integration with other supporting technologies. A total of 41.4% highlighted the 
importance of more rigorous validation, and 25.7% encouraged practical implementation in the 
real world. Interestingly, non-technical aspects, such as ethical and safety issues (17.1%) and cost 
and scalability considerations (14.3%), are starting to receive attention. Therefore, future research 
should prioritize efforts to bridge technology development with real implementation, consider 
ethics and regulations from the design stage, and conduct replication studies and method 
comparisons. Underexplored areas include the social impact of automated technologies, systems 
sustainability analysis, and cross-cultural and language adaptations that ensure relevance and wide 
acceptance. Table 14 is the classification of the Summary of the discussion based on the discussion 
category, the number of papers, and the percentage. 

 
Table 14. Classification Summary of the Discussion. 

Discussion Categories 
Number of 

Papers 
Percentage Representative Examples 

System Performance 
Validation 

42 60% "Model shows expert-equivalent accuracy 
with improved time efficiency" (Paper 10) 

Practical Implications 35 50% "Findings support clinical implementation 
as a decision aid" (Paper 11) 

Study Limitations 31 44.3% "Key limitations on sample size and 
dataset variation" (Paper 18) 

Potential for 
Development 

28 40% "Integration with PACS can improve 
clinical adoption" (Paper 10) 

Comparison with 
Previous Studies 

22 31.4% "Results are consistent with study X but 
differ in aspect Y" (Paper 25) 

Social/Technical Impact 15 21.4% "Systems can reduce disparities in access 
to health services" (Paper 37) 

Policy 
Recommendations 

9 12.9% "Validation standards are required for 
clinical implementation" (Paper 29) 

Theoretical Implications 7 10% "Findings support Z's theory of neural 
adaptation" (Paper 55) 

 
Table 14 shows that most studies (60%) focus on validating system performance through 

quantitative metrics such as accuracy, sensitivity, and time efficiency. In addition, 50% of the 
discussion emphasized practical applications and factors influencing technology adoption in real 
institutions. Transparency on the study's limitations was also quite dominant (44.3%), generally 
related to sample issues, data bias, or generalization limitations. Balanced discussions are also 
emerging, with 40% including development directions and 31.4% conducting literature 
comparisons. To improve the quality of the discussion, it is suggested that future research discuss 
more socio-technical impacts, relate findings to relevant theories, and include more in-depth causal 
analysis. Areas that still need to be strengthened include the discussion of implementation ethics 
(only 12.9%), cost-benefit comparative analysis, and the long-term impact of the use of automated 
systems. 

The findings of this article align with and expand upon previous research that highlights both 
the promising benefits and significant challenges of AI in academic assessment. Similar to studies 
by Luckin et al. (2022) and Crompton & Burke (2023), this review confirms that AI enhances 
efficiency, consistency, and personalization in grading processes, thereby improving educational 
outcomes. However, consistent with Gándara et al. (2024), it also underscores persistent issues of 
algorithmic bias stemming from unrepresentative training data and socio-cultural influences. 
Unlike some earlier works that primarily focused on technical performance, this research offers a 
more comprehensive analysis by integrating bibliometric data and emphasizing the ethical 
dimensions and the necessity for educator training and transparent guidelines. This holistic 
perspective strengthens the argument for responsible AI deployment in education by balancing 
technological advances with fairness considerations. 
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The impact of AI on benefit assessments in education is profound, offering scalable solutions 
that can reduce educator workload, provide timely and standardized feedback, and support 
personalized learning pathways. These advantages have the potential to transform traditional 
assessment methods, making them more adaptive to individual student needs. Nevertheless, 
mitigation strategies for algorithmic bias are crucial to safeguard against unintended 
discrimination. Effective approaches include diversifying training datasets to better represent all 
student populations, implementing transparent and explainable AI models, and involving educators 
in designing and overseeing AI assessment tools. Continuous monitoring and ethical guidelines are 
also vital to ensure that AI supports equitable learning environments rather than exacerbating 
existing inequalities. Together, these strategies can help maximize the benefits of AI while 
minimizing its risks in academic assessment. 

 
Implication 

This research highlights the significant potential of artificial intelligence (AI) to transform 
educational assessment by enhancing efficiency, consistency, and personalization. The findings 
imply that AI can substantially reduce educators’ workload by automating grading processes and 
delivering timely, standardized student feedback, leading to improved learning outcomes. 
Additionally, the research stresses the critical importance of addressing algorithmic bias to ensure 
fairness and equity in educational settings. The study advocates for responsible AI deployment that 
balances technological advancements with social justice by emphasizing ethical guidelines, 
transparency in AI models, and educator training. These implications provide a roadmap for 
policymakers, developers, and educators to collaborate in creating AI-driven assessment tools that 
are both effective and inclusive. 

 
LIMITATION 

However, this study also faces several limitations that should be acknowledged. The analysis 
is restricted to articles published between 2021 and 2025 and sourced solely from the Scopus 
database, which may exclude relevant research from other periods or databases, potentially 
narrowing the comprehensiveness of the review. Furthermore, while the systematic literature 
review and bibliometric analysis provide a broad overview, they cannot fully capture AI 
implementation's nuanced, real-world complexities in diverse educational contexts. The dynamic 
and rapidly evolving nature of AI technologies means that findings may quickly become outdated as 
new algorithms and ethical frameworks emerge. Future research would benefit from expanding 
temporal and database scope and incorporating empirical studies that examine the long-term 
effects and practical challenges of AI-based assessments in varied cultural and institutional 
environments. 

 
CONCLUSION 

This research provides a comprehensive overview of the role of AI in educational assessment 
systems, highlighting both its benefits and challenges.  On the positive side, AI has demonstrated 
significant potential to enhance assessment efficiency, improve consistency, and enable 
personalized learning experiences that enrich student outcomes. Automation reduces educators’ 
workload, allowing faster and more objective feedback delivery. However, alongside these benefits 
lie substantial challenges, particularly algorithmic bias arising from unrepresentative training data, 
developer prejudices, and socio-cultural influences. These biases risk perpetuating inequities, 
especially for marginalized student groups. 

Furthermore, AI’s limitations in capturing the unique context of each learner and the 
potential overreliance on automated systems add complexity to its practical adoption. 
Consequently, this research underscores the necessity for a balanced and responsible approach to 
AI deployment in education. Clear ethical guidelines, algorithmic transparency, and comprehensive 
educator training are essential to mitigate bias and uphold fairness in assessment processes. Future 
research should focus on developing inclusive and culturally adaptive AI models, alongside rigorous 
validation and long-term evaluation of their real-world impact. By doing so, the advantages of AI 
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can be maximized without compromising principles of equity and justice, ensuring that AI serves as 
an effective and fair educational tool for all learners. 
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