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Abstract.  Artificial  Intelligence–based  educational  assessment  has  increasingly  become  an  important  area  of 
educational research, particularly in relation to measurement innovation. The development of AI in assessment has 
expanded  beyond  automation  and  efficiency,  raising  critical  issues  concerning  validity,  reliability,  fairness, 
interpretability, human oversight, and alignment with human judgment. This study aims to map and synthesize 
measurement innovations in Artificial Intelligence–based educational assessment through a hybrid approach that  
combines a systematic literature review and bibliometric analysis. Specifically, this study identifies research trends,  
dominant themes, forms of innovation, methodological issues, and future research agendas in AI-based educational 
measurement. This study used scholarly articles from the Scopus database published between 2021 and 2026. The 
article  selection  process  followed the  stages  of  identification,  screening,  eligibility  assessment,  and  inclusion, 
resulting  in  107  relevant  articles.  Bibliometric  analysis  was  employed  to  map  publication  trends,  dominant  
keywords,  sources,  authors,  institutions,  countries,  and  patterns  of  scholarly  collaboration.  Meanwhile,  the 
systematic literature review was used to synthesize key themes, innovation models, methodological concerns, and 
future directions. The findings show that research on AI-based educational assessment developed rapidly during the 
2023–2026  period.  The  major  themes  identified  include  automated  scoring,  automated  feedback,  multimodal 
assessment,  learning  analytics,  and  human-aligned  validation.  The  literature  also  indicates  that  AI-based 
measurement innovations are not limited to improving assessment efficiency but also emphasize the quality and 
trustworthiness of assessment processes, particularly in relation to validity, reliability,  fairness, interpretability,  
human oversight, and consistency with human assessment. This study concludes that the development of AI-based 
educational  assessment  is  shifting  from  assessment  automation  toward  trustworthy  AI-based  educational 
measurement. Such measurement should be valid, transparent, multimodal, and supported by meaningful human 
involvement.  The  findings  provide  a  conceptual  and  bibliometric  foundation  for  researchers,  educators,  and 
policymakers in developing AI-based educational assessment systems that are methodologically robust, ethically 
responsible, and aligned with educational measurement principles.
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INTRODUCTION

The development of Artificial Intelligence (AI) has transformed educational assessment, especially how 
measurement is conducted, validated, and interpreted for academic decision-making. Assessment practices 
once grounded in manual grading, conventional rubrics, and outcome-oriented measurement have shifted 
toward automated, adaptive, multimodal, and data-driven systems. Prior studies show that AI can support 
item  evaluation  and  generation,  distractor  development,  examination  evaluation,  cognitive-level 
classification, automated scoring, writing evaluation, and discourse coherence assessment [1], [2], [3], [4], 
[5], [6], [7], [8]. These developments indicate that AI is no longer merely a technical aid but part of a 
complex  educational  measurement  system.  Nevertheless,  AI-based  measurement  depends  on  construct 
validity,  rubric  quality,  data  consistency,  score  interpretability,  and  alignment  with  human  judgment. 
Therefore,  such  innovation  must  be  examined  for  efficiency,  validity,  reliability,  fairness,  and 
accountability.

This  study  is  motivated  by  a  gap  between  AI’s  technical  capabilities  and  the  suitability  of  its 
measurement outcomes for educational decisions. Although GPT-based systems may correlate highly with 
human scoring,  stability  and consistency problems remain [9].  Automated metrics  may fail  to  capture 
contextual quality, including culture, ideology, fluency, and coherence, and may not align with human 
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evaluation [10], [11], [12]. Automated indicators may also encourage metric gaming when they become 
optimization  targets  [13].  These  findings  confirm  that  automation  does  not  necessarily  produce  valid 
measurement. In education, this issue is critical because scores are used for diagnosis, feedback, ability 
mapping,  and  decisions.  Thus,  AI-based  measurement  research  must  address  implementation  models, 
validity, reliability, interpretability, and human oversight.

Recent literature shows that AI-based assessment is expanding into multimodal assessment, learning 
analytics,  automated  feedback,  performance  evaluation,  and  human-aligned  validation.  Studies  have 
examined image-text  measurement,  multimodal  diagram evaluation,  creativity  scoring,  procedural  skill 
micro-assessment, and domain-specific automated evaluation [14], [15], [16]. In digital learning, AI has 
supported analytics,  online discussions, project-based learning, gamified learning, peer assessment,  and 
calibration [17], [18], [19], [20], [21]. Yet these developments face limitations involving generalizability, 
bias,  data  quality,  and  pedagogical  interpretation.  Concerns  about  LLM-as-judge  bias,  faithfulness, 
relevance, safety, usefulness, and inauthentic text detection reinforce human-in-the-loop governance [22], 
[23].

Previous research remains fragmented across domains, methods, objects, and AI technologies. Studies 
vary  from  item  quality,  writing  assessment,  and  open-ended  responses  to  metric  validation,  human 
judgment, accessibility, representativeness, evaluation culture, and algorithmic evaluation [24], [4], [25], 
[26],  [27],  [28],  [29],  [30],  [31],  [32],  [33].  This  fragmentation  shows  that  AI-based  measurement  is  
technical, institutional, ethical, and methodological. A hybrid systematic literature review and bibliometric 
analysis is therefore needed to integrate quantitative mapping with qualitative synthesis.

This  study maps  and synthesizes  AI-based educational  measurement  innovation through systematic 
review and bibliometric analysis. It examines publication trends, collaboration patterns, themes, conceptual 
clusters, knowledge evolution, innovation models, psychometric quality, human oversight, gaps, novelty, 
and future  agendas.  This  focus  reflects  the  shift  from automated scoring toward trustworthy AI-based 
educational  measurement.  The  study  contributes  conceptually  by  clarifying  AI-based  assessment, 
methodologically  by  combining  bibliometric  mapping  with  systematic  synthesis,  and  practically  by 
identifying principles for valid, transparent, fair, accountable, and human-aligned systems. Overall, AI is 
positioned  not  as  a  replacement  for  human judgment  but  as  a  measurement  support  system governed 
through rubrics, validation, interpretability, and governance.

METHODS

This study employed a hybrid review design, combining a Systematic Literature Review (SLR) and 
bibliometric analysis to map, synthesize, and evaluate the literature on measurement innovation in Artificial 
Intelligence-based educational  assessment.  The SLR design was  used to  identify  the  forms,  functions, 
models,  and  issues  related  to  validity,  reliability,  fairness,  interpretability,  human  oversight,  and  the 
alignment of AI with human assessment. Meanwhile, bibliometric analysis was used to map publication 
trends,  journal  sources,  authors,  institutions,  countries,  keywords,  thematic  clusters,  and  patterns  of 
scientific collaboration.

The research sample consisted of scholarly articles obtained from the Scopus database through a search 
conducted on May 8, 2026. The search strategy was applied to titles, abstracts, and keywords using the  
following  search  string:  (“AI  Assessment”  AND  “Educational  Measurement”)  OR  (“Automated 
Evaluation”). The selection process is presented in the PRISMA flow diagram below.
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Figure 1. Systimatic Literature Review Information Flow Using PRISMA

Based on the PRISMA flow diagram above, the initial search yielded 2,691 documents. The documents 
were then filtered based on the publication period of 2021–2026, resulting in 1,393 articles. The next stage  
limited  the  document  types  to  conference  papers  and  articles,  producing  1,302  documents.  Further 
screening based on the Social Sciences subject area resulted in 211 documents. After applying the English-
language criterion, 202 documents remained. The final selection resulted in 107 articles included in the 
review.

The research instruments consisted of an article selection protocol, a PRISMA flow diagram, a data 
extraction sheet, a list of inclusion and exclusion criteria, and a literature synthesis matrix. The inclusion 
criteria  covered  articles  that  discussed  AI,  automated  evaluation,  automated  scoring,  educational 
measurement,  assessment  innovation,  learning  analytics,  multimodal  assessment,  or  human-aligned 
validation in the context of educational assessment. The exclusion criteria included documents outside the 
specified year range, documents that were not articles or conference papers, documents outside the Social 
Sciences  subject  area,  non-English  documents,  and  documents  that  were  not  relevant  to  the  focus  of 
assessment measurement.

The data collection procedure was conducted in four stages: identifying articles from Scopus, screening 
based on year and document type, assessing eligibility based on subject area and language, and finalizing 
the articles that met the criteria for analysis. Each selected article was extracted based on author name, 
year, title, research focus, theory or framework used, method, main findings, limitations, and relevance to 
the study.

Bibliometric  analysis  was  conducted  descriptively  and  relationally  by  mapping  publication  trends, 
author  productivity,  journal  sources,  countries,  institutions,  dominant  keywords,  co-authorship,  co-
occurrence,  and  conceptual  clusters.  The  SLR  analysis  was  conducted  through  thematic  synthesis  to 
classify the literature into themes such as automated scoring, automated feedback, multimodal assessment, 
learning analytics, metric validity, fairness, interpretability, and human oversight.

This  strategy  is  consistent  with  the  characteristics  of  the  literature,  which  indicate  that  AI-based 
assessment has evolved from technical automation toward adaptive, multimodal, rubric-based measurement 
systems  that  require  validation  through  human  assessment  [1],  [3],  [5],  [7].  In  addition,  the  analysis 
procedure was directed toward capturing key methodological issues, including the limitations of automated 
metrics, the need for human validation, the risk of bias, and the importance of multidimensional rubrics, as 
discussed  in  previous  literature  [10],  [9],  [13],  [11],  [12].  This  approach  can  be  replicated  by  other 
researchers using the same database, search date, search string, screening stages, inclusion and exclusion 
criteria, and analytical categories.
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RESULTS AND DISCUSSION

Results

Development of Publications, Temporal Trends, Scientific Sources, Authors, Institutions, Countries, 
and Scientific Collaboration Patterns

The results  of  the  literature  selection indicate  that  studies  on measurement  innovation in  Artificial 
Intelligence-based educational assessment have developed into an emerging and increasingly prominent 
research  theme  during  the  2021–2026  period.  Based  on  the  article  selection  flow,  the  initial  search 
conducted through the Scopus database on May 8, 2026, yielded 2,691 documents. The search strategy was 
applied  to  article  titles,  abstracts,  and  keywords  using  a  combination  of  the  terms  “AI  Assessment,” 
“Educational  Measurement,”  and “Automated Evaluation.”  After  several  screening stages,  107 articles 
were  included  in  the  review.  The  publication  trend  shows  a  consistent  increase  in  the  number  of 
publications from year to year, as presented in the graph below.

Figure 2. Grafik Documents by Year

The  Documents  by  Year  graph  shows  that  research  on  measurement  innovation  in  Artificial 
Intelligence-based  educational  assessment  experienced  strong growth  during  the  2023–2025 period.  In 
2021, there were 6 documents, followed by a slight decrease to 5 documents in 2022. A sharp increase 
began in 2023, with 21 documents, and continued in 2024, reaching 27 documents. The highest number of 
publications occurred in 2025, with 40 documents, while 2026 recorded 11 documents because the data 
were collected only up to May 8, 2026. This pattern indicates that AI assessment research has moved from 
a relatively limited initial issue toward a more established and widely discussed research theme.

The increase in publications after 2023 can be understood as a consequence of the development of large  
language models, generative AI, automated scoring, and learning analytics, which have begun to be widely 
used  in  education.  In  the  early  phase,  AI  was  mostly  positioned  as  a  learning  support  tool  or  an 
administrative support system. However, after the development of generative models, scholarly attention 
began to shift toward the ability of AI to assess responses, provide feedback, identify learning patterns, and  
support academic decision-making. This shift contributed to the sharp increase in the number of documents 
from 2023 to 2025.  The apparent  decline in  2026 does not  indicate  a weakening of  research interest, 
because the publication year had not yet been completed when the data were collected. The increase in the 
number of publications from 2023 to 2025 can also be observed in the Documents per Year by Source 
graph below.
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Figure 3. Grafik Documents per Year by Source

The Documents per Year by Source graph shows that the most dominant source is the Proceedings of  
the Annual Meeting of the Association for Computational Linguistics, with 35 documents. This dominance 
indicates  that  the  development  of  AI-based  assessment  is  strongly  influenced  by  natural  language 
processing,  computational  linguistics,  and  large  language  models.  Other  sources,  such  as  ISPRS 
International  Journal  of  Geo-Information,  Sustainability  Switzerland,  Education  and  Information 
Technologies,  and  the  International  Journal  of  Artificial  Intelligence  in  Education,  contributed  fewer 
documents,  but  they demonstrate  the  expansion of  this  research area into digital  education,  geospatial 
studies, sustainability, and learning technologies. This pattern occurs because AI assessment is no longer 
limited to written tests but has expanded to the evaluation of text, images, code, diagrams, spatial data, and 
digital performance. The dominance of computational linguistics forums also indicates that the technical 
aspects of AI remain more prominent than psychometric and pedagogical studies. The Documents per Year 
by Source graph presented above shows an increase in publications across these publication venues. This  
increase is also reflected in the number of authors who published articles in these venues, as shown in the  
Documents by Author graph.
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Figure 4. Grafik Documents by Author

The Documents by Author graph shows that author productivity is relatively dispersed and has not yet 
been  concentrated  around  a  single  dominant  scholar.  Zhao,  Y.  is  the  most  productive  author,  with  3 
documents. Other authors, such as Abdul-Mageed, M.; Alikhani, M.; Cohan, A.; Fan, Z.; Guan, X.; Gui, Z.; 
Hou, S.; Hovy, E.; and Jiao, H., each contributed approximately 2 documents. This pattern indicates that  
research on AI-based measurement  innovation is  still  in  a  growth phase,  with many academic groups 
contributing in parallel.  This field has not yet formed a single dominant research school;  instead, it  is 
developing through multidisciplinary networks.

The dispersion of authors occurs because AI-based assessment involves multiple areas of expertise. 
Research in this area requires not only experts in education or measurement but also specialists in machine 
learning, natural language processing, data science, computational linguistics, and learning technologies. In 
this context, productive authors are generally positioned at the intersection of AI model development and 
automated evaluation. This phenomenon explains why publications are often produced by collaborative 
teams rather than by individual researchers. AI assessment research requires the integration of technical  
model  capabilities  and assessment  validity principles.  Many publications in  this  field are  produced by 
collaborative  teams  from countries  with  substantial  research  funding,  as  shown in  the  Documents  by 
Country/Territory graph below.
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Figure 5. Grafik Documents by Country/Territory

The  Documents  by  Country/Territory  graph  shows  the  dominance  of  the  United  States,  with 
approximately 39 documents, followed by China, with approximately 20 documents. Other countries, such 
as Germany and the United Kingdom, contributed around 8 documents, while Canada and India contributed 
around  6  documents.  Australia  and  Hong  Kong  contributed  approximately  5  documents,  whereas  the 
Russian Federation and South Korea each contributed around 4 documents.  This pattern indicates that 
knowledge production on AI-based assessment is still largely driven by countries with strong technological 
research ecosystems. The dominance of the United States and China is related to their  strong funding 
capacity, computing infrastructure, AI laboratories, and extensive international publication networks. The 
dominant role of major countries is also reflected in the Documents by Funding Sponsor graph below.

Figure 6. Grafik Documents by Funding Sponsor

The Documents by Funding Sponsor graph shows that the National Science Foundation is the most 
dominant sponsor, with approximately 8 documents, followed by the National Natural Science Foundation 
of China, with approximately 4 documents. Other sponsors, such as federal ministries, national research 
foundations,  the  Russian  Science  Foundation,  the  Canada  Foundation,  Canada  Research  Chairs,  the 
Defense Advanced Research Projects Agency, the Engineering and Physical Sciences Research Council, 
and the Intelligence Advanced Research Projects Activity, contributed approximately 2–3 documents. This 
pattern shows that AI assessment research is not only an academic issue but also part of national strategic  
agendas in the development of technology, data, and artificial intelligence. Such funding support exists 
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because AI is  viewed as having economic,  scientific,  educational,  and geopolitical  value.  This  finding 
confirms that the direction of AI assessment research is strongly influenced by funding power, institutional 
capacity, and national technology priorities. The presence of major funding sponsors is also reflected in 
institutional affiliations. This can be observed in the Documents by Affiliation graph, which shows that 
Carnegie Mellon University in the United States is the most productive institution, with approximately 6 
documents.

Figure 7. Grafik Documents by Funding Affiliation

In the graph above, other institutions, such as Hong Kong University, Seoul National University, the 
University  of  Massachusetts,  the University of  Maryland,  The University of  North Carolina,  Tsinghua 
University, the School of Computer Science, Mohamed Bin Zayed University, and The Allen Institute for 
AI,  each contributed approximately 3 documents.  This  pattern indicates  that  institutional  contributions 
mainly come from universities and research centers with strong capacities in computer science, artificial 
intelligence, and educational technology. This occurs because the development of AI-based assessment 
requires computing resources, datasets, language models, and interdisciplinary collaboration. Institutions 
with advanced research infrastructure are more capable of producing evaluation models, benchmarks, and 
international publications.

However, the dominance of technology-oriented institutions also provides a critical note for the future 
direction  of  AI  assessment  development.  Strong  computing  capacity  and  academic  reputation  do  not 
automatically guarantee that the resulting assessment systems are pedagogically valid. AI systems may 
demonstrate strong technical performance, but they still  require rubrics, expert  validation, bias control,  
score interpretability, and alignment with learning objectives. This explains why AI assessment research 
needs to move beyond automated evaluation toward trustworthy AI-based educational measurement. The 
institutional  affiliations  shown  in  the  graph  indicate  that  this  research  area  is  still  largely  driven  by 
technology  centers;  therefore,  contributions  from  educational  institutions,  schools,  and  developing 
countries need to be expanded.

Themes, Conceptual Clusters, Dominant Keywords, and the Direction of Knowledge Evolution

Main Themes and Dominant Keywords
The VOSviewer visualization shows that the central themes in research on measurement innovation in 

Artificial Intelligence-based educational assessment are centered on the keywords artificial intelligence, 
learning systems, and language model. This can be seen in the Keyword Rank table below.
Table 1. Keyword Rank and Estimated Network Dominance

Rank Keyword Estimated Network Dominance*
1 Artificial Intelligence Very High
2 Learning Systems Very High
3 Language Model Very High
4 Teaching High
5 Natural Language Processing System High
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Rank Keyword Estimated Network Dominance*
6 Large Language Models High
7 Automated Evaluation High
8 Retrieval-Augmented Generation Medium-High
9 Feedback Medium-High
10 Education Computing Medium
11 Benchmarking Medium
12 Human Rater Medium
13 AI-Augmented Learning Medium
14 Modeling Performance Medium
15 Computational Linguistics Medium

These  three  keywords  have  the  largest  node  sizes  and  occupy  strategic  positions  in  the  network, 
indicating a high level of connection with other keywords. This condition suggests that the development of 
AI-based educational assessment is no longer focused solely on AI technology in general, but has shifted 
toward the application of  AI as  a system that  supports  evaluation,  learning,  and educational  decision-
making processes. The large node size of artificial intelligence indicates that AI functions as an umbrella  
concept connecting various modern assessment approaches. Meanwhile,  learning systems and language 
model show that the current research focus is increasingly directed toward the use of intelligent learning 
systems and generative language models.

The dominance of keywords such as large language models, natural language processing system, and 
automated evaluation shows that AI-based measurement innovation is strongly influenced by advances in 
natural language processing technology. This phenomenon occurs because most educational assessment 
activities generate text-based data, such as essay responses, online discussions, learning reflections, and 
other  academic  assignments.  Modern  language  models  enable  the  evaluation  process  to  be  conducted 
automatically with increasingly high levels of accuracy. Therefore, many studies have begun to develop 
assessment  systems  capable  of  providing  scores,  feedback,  and  recommendations  in  real  time.  This 
development explains why keywords related to language model and automated evaluation have become 
dominant themes in the bibliometric network.

The presence of keywords such as feedback, human rater, and retrieval-augmented generation indicates 
that  research attention is  not  focused solely on assessment  automation.  Recent  literature  has  begun to 
question how the quality of AI-generated assessment results compares with human assessment. This occurs 
because the increasing capability of AI has not fully eliminated the need for human validation. Thus, the  
main research theme is currently moving toward the development of assessment systems that can combine  
technological efficiency with evaluation quality that is academically accountable.

Conceptual Clusters and Knowledge Structure

The VOSviewer map shows at least six main conceptual clusters that form the knowledge structure of 
this  field.  The  first  cluster  is  marked  in  red  and  centers  on  learning  systems,  education  computing,  
algorithm analysis, and system features. This cluster represents research that focuses on the development of 
intelligent learning systems, algorithm design, and the technical characteristics of educational evaluation 
platforms.  The  dominance  of  this  cluster  indicates  that  the  early  foundation  of  AI-based  assessment 
innovation  still  largely  originates  from  the  fields  of  computer  science  and  educational  technology. 
Researchers have sought to develop systems capable of automating the evaluation process with greater 
efficiency than conventional methods. This can be observed in the VOSviewer figure below.
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Figure 8. Network Keyword Visualization

The second cluster is marked in green and connects natural language processing system, computational 
linguistics, behavioral research, and embodied learning. This cluster shows that language-based evaluation 
has become one of the main centers of development in AI assessment. This occurs because most modern  
learning processes generate linguistic data that can be analyzed using NLP. The close relationship between 
NLP  and  computational  linguistics  indicates  that  the  ability  to  understand  human  language  is  a  key 
component in the development of adaptive assessment systems. In other words, the development of AI 
assessment depends heavily on advances in language processing technology.

The third and fourth clusters center on language model, large language models, automated evaluation, 
human rater, and retrieval-augmented generation. These clusters indicate the emergence of a new paradigm 
that  uses  generative  language  models  as  automated  evaluators.  The  connection  between  automated 
evaluation and human rater suggests that the academic community has begun to pay greater attention to 
issues of validity, reliability, and the alignment of AI-generated assessment results with human judgment. 
Therefore, the direction of research is no longer limited to developing models that can assign scores, but  
also to ensuring that those scores are trustworthy and applicable in real educational contexts.

Direction of Knowledge Evolution

The network structure  shows a  fairly  clear  evolution of  knowledge from a  system-based approach 
toward  a  generative  intelligence-based  approach.  In  the  early  phase,  research  focused  more  on  the 
development of learning systems, education computing, and algorithm analysis. The main focus during this 
period was how technology could support the evaluation process more quickly and efficiently. The systems 
developed were still oriented toward procedural automation and the processing of learning data. Therefore, 
research attention was directed more toward system performance than toward the quality of interpretation 
of assessment results.

The  next  development  was  marked  by  the  increasing  role  of  natural  language  processing  system, 
computational linguistics, and language model. This shift occurred because digital learning environments 
generate an increasing amount of text-based data that requires more complex analytical techniques. AI no 
longer merely calculates scores, but begins to understand the meaning, context, and structure of students’ 
responses.  This  evolution  has  enabled  the  emergence  of  more  adaptive  and  personalized  evaluation 
systems. As a result, research has begun to move from simple automation toward a deeper understanding of 
the learning process.

The most  recent  phase  is  reflected  in  the  emergence  of  keywords  such as  large  language  models, 
retrieval-augmented generation, human rater, feedback, and AI-augmented learning. This cluster shows that 
the  current  research  focus  is  moving  toward  the  development  of  human-aligned,  multimodal,  and 
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validation-based assessment. AI is no longer viewed as a replacement for human evaluators, but rather as a  
partner  in  the  educational  measurement  process.  This  development  has  occurred  because  increasing 
evidence shows that  assessment  quality  is  determined not  only by technical  accuracy,  but  also by the 
validity, fairness, interpretability, and transparency of evaluation results. Thus, the direction of knowledge 
evolution  in  this  field  is  moving  from  automated  scoring  toward  trustworthy  AI-based  educational 
measurement, namely an educational measurement system that integrates technological sophistication with 
valid and responsible assessment principles.

Forms, Functions, and Models of Artificial Intelligence-Based Measurement Innovation in 
Educational Assessment

Artificial  Intelligence-based  measurement  innovation  in  educational  assessment  has  developed  in 
various complementary forms. The most dominant form is automated item scoring, which includes the 
evaluation of multiple-choice questions and item quality.  The main functions of this innovation are to 
accelerate the assessment process, ensure consistency, and enable large-scale data processing. In addition, 
automated scoring can reduce dependence on human raters and minimize subjectivity. This phenomenon 
occurs because the large number of students and test items in modern education demands efficiency and 
speed  in  evaluation.  Therefore,  AI  has  become  a  solution  for  expanding  assessment  capacity  while 
maintaining the reliability of scoring. This can be seen in the figure below.

Figure 9. Forms, Functions, and Models of AI-Based Measurement Innovations in Assessment

In addition, open-ended response and academic writing assessment enable AI to automatically evaluate 
essays,  short  answers,  and  the  quality  of  students’  arguments.  Its  main  function  is  to  provide  rapid  
formative feedback, help students understand their weaknesses, and improve their self-reflection skills. The 
models used typically rely on Large Language Models (LLMs) and Natural Language Processing (NLP) 
techniques, which are capable of analyzing grammar, coherence, and the logical structure of arguments. 
This phenomenon has emerged because evaluating free-text responses is more complex than evaluating 
multiple-choice items. Therefore,  AI is  needed to support  scoring consistency while still  incorporating 
human validation.  In  other  words,  this  system combines machine efficiency with relevant pedagogical 
accuracy.

Another increasingly prominent innovation is multimodal assessment, which uses the integration of text, 
voice, images, and video to assess student performance more authentically. The main function of this form 
is to capture students’ abilities more comprehensively, accommodate different learning styles, and enable 
the measurement of creativity and procedural skills. The models applied include vision-language models, 
AI-augmented learning, and retrieval-augmented generation (RAG), which integrates external data as a 
basis for evaluation.  This phenomenon occurs because modern learning does not only produce written 
responses, but also complex digital  artifacts.  Therefore, text-based evaluation alone is not sufficient to 
assess competence comprehensively.

Furthermore, learning analytics and performance prediction are used to map learning patterns, risks of 
failure,  and  the  effectiveness  of  student  interactions.  The  main  function  of  this  form  is  to  support 
personalized  learning  and  data-driven  decision-making.  The  models  used  include  machine  learning, 
predictive modeling, and adaptive analytics frameworks that allow educators to understand student profiles.  
This has emerged because digital education generates large amounts of interactive data, and the use of this 
data  enables  AI  systems  to  provide  adaptive  evaluations  that  respond  to  individual  abilities.  This 
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combination supports the development of an assessment ecosystem that is adaptive, efficient, and grounded 
in validity.

Finally,  automated  rubric-based  evaluation  and  bias  detection  ensure  that  AI-generated  assessment 
results are aligned with pedagogical and ethical standards. The main function of this form is to maintain 
fairness, transparency, and score reliability. The implementation models usually combine AI with human 
validation, hybrid rubric-based assessment, or cloud-scalable platform models for LMS integration. This 
phenomenon occurs because, although AI can perform assessment quickly, aspects of validity, fairness, and 
accountability  still  require  human  oversight.  Therefore,  Artificial  Intelligence-based  measurement 
innovation in educational assessment is currently moving beyond technical automation toward evaluation 
systems that are human-aligned, multimodal, and adaptive.

Issues of Validity, Reliability, Fairness, Interpretability, Human Oversight, and Alignment with 
Human Assessment

Validity is a central issue in AI-based assessment because the scores generated by the system do not 
automatically reflect the pedagogical construct intended to be measured. AI can provide fast and consistent 
evaluation; however, its results depend heavily on rubrics, datasets, and educational contexts. This can be 
seen in the table of critical dimensions in AI assessment and their implications below.
Table 2. Critical Dimensions in AI Assessment and Their Implications

Dimension Definition / Focus Research Implications Sample Studies

Validity

The extent to which AI-based 
measurement accurately 
reflects the construct being 
measured

AI needs to be compared with 
human judgment, rubrics, and 
pedagogical contexts

Jiang et al. [9], He and 
Ghassemiazghandi [10]

Reliability
The consistency of AI-
generated scores when tested 
repeatedly

Models need to be tested 
using different datasets, 
consistent annotations, and 
appropriate metrics

Zhao et al. [33], Fan et al. 
[25]

Fairness
Bias-free assessment across 
gender, language, culture, or 
response position

Requires algorithmic 
adjustment and data 
diversification

H. Li et al. [34], Panfilova 
and Valueva [35]

Interpretability
The ability of AI to explain 
scores or recommendations

Scores must be traceable 
through rubrics, rationales, or 
human-in-the-loop 
mechanisms

J.-W. Chen et al. [36], K. Xu 
et al. [30]

Human Oversight
Human involvement in 
validating AI-generated 
scores

Ensures that AI decisions are 
aligned with pedagogical 
standards

Y. V. He et al. [37], Shahzad 
and Abbas [8]

Human Alignment
The alignment of AI-
generated scores with human 
assessment

Avoids model overfitting to 
automated metrics and 
maintains pedagogical 
accuracy

Pires et al. [28], Naismith et 
al. [6]

This phenomenon occurs because AI models, including Large Language Models and machine learning 
algorithms,  operate  based  on  historical  and  statistical  data  patterns  rather  than  a  deep  conceptual 
understanding. As a result, AI-generated scores without human validation may reflect only surface-level 
similarities  in  responses  rather  than  the  quality  of  students’  understanding  or  arguments.  Therefore, 
research  emphasizes  the  importance  of  comparing  AI-generated  scores  with  human  judgment  and 
validating rubrics to ensure that assessment results remain relevant and valid.

Reliability is also a major concern because the consistency of AI-generated scores is not always stable 
when retested on different datasets or with variations in annotation. The same model may produce different  
scores if the input or evaluation conditions change. This occurs because AI is probabilistic and highly 
sensitive  to  data  structure  and  training  parameters.  To  address  this  issue,  studies  recommend  model 
calibration, repeated testing, and metric adjustment so that evaluation results can be consistently reliable.  
High reliability is important to ensure consistent and fair academic decisions and to minimize uncertainty in 
score-based decision-making using AI.

Fairness and interpretability are closely related dimensions. Fairness requires that AI-based assessment  
be free from bias related to factors such as gender,  language,  culture,  or  response position.  Bias may 
emerge when models are trained on unrepresentative datasets, causing students to receive different scores 
even when their actual abilities are equivalent. Interpretability is crucial so that scores can be traced and 
explained, for example through rubrics, rationales, or human-in-the-loop mechanisms. This phenomenon 
occurs because many modern models operate as black boxes; therefore, without transparency, scores are 
difficult to justify. Explainable AI approaches and rubric validation help ensure that evaluation results are 
pedagogically and ethically trustworthy.
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Human oversight and human alignment emphasize the role of humans in verifying and adjusting AI-
generated assessment results so that they remain consistent with educational standards. Human oversight  
ensures that AI decisions align with pedagogical objectives, while human alignment prevents overfitting to 
automated metrics and maintains evaluation quality.  This phenomenon occurs because strong technical 
performance in AI does not automatically guarantee valid and fair decisions. AI-generated scores need to 
be  verified  so  that  they  reflect  students’  actual  understanding.  The  integration  of  validity,  reliability, 
fairness,  interpretability,  and  human  oversight  forms  a  framework  for  AI  assessment  that  is  reliable,  
accountable, and human-aligned. Thus, AI-based measurement innovation becomes effective and relevant 
in the context of modern education.

Research Gap, Novelty Potential, and Future Research Agenda

The literature  analysis  shows that  although the use of  AI in educational  assessment  has  developed 
rapidly, significant research gaps still need to be addressed. One of the main gaps is the limited construct 
validity  of  AI  across  different  contexts,  cultures,  and  student  populations.  This  can  be  seen  in  the 
conceptual  flow diagram of  the  research  gap,  novelty  potential,  future  research  agenda,  and  expected 
impact below.

Figure 10. Conseptual Flow Diagram

Current  models  are often trained on homogeneous datasets,  so their  evaluation results  do not  fully 
represent students’ abilities universally. Score reliability is also not yet consistent when applied to diverse  
data and tasks. In addition, fairness for minority groups and non-dominant languages remains limited, while 
model  interpretability  is  low  because  of  the  black-box  nature  of  algorithms.  Human  involvement  in 
validating AI-generated scores is also not yet optimal, so alignment with human assessment has not been  
firmly established. This phenomenon occurs because early research focused more on technical accuracy 
and automation efficiency, while pedagogical, ethical, and contextual aspects have only recently begun to 
receive greater attention.

In terms of novelty potential, there are major opportunities to develop hybrid evaluation models that 
combine AI and human rubrics. This innovation enables assessment that is not only fast and consistent but 
also explainable and traceable through explainable AI (XAI). The development of new validity concepts 
and multilingual and multimodal benchmark datasets is also important for adapting evaluation systems to 
diverse learning contexts. In addition, the application of fairness-aware assessment frameworks and bias-
mitigation strategies can help ensure that the scores generated are fair for all students. This phenomenon 
occurs because, although AI technology continues to develop, the integration of technical performance with 
valid  pedagogical  principles  remains  limited.  Therefore,  there  is  still  substantial  room  for  high-value 
innovation.
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Another  promising  innovation  is  the  use  of  human-in-the-loop  assessment,  which  allows  human 
evaluators to review, validate, and refine AI-generated results. This approach not only improves the quality 
of  decisions but  also maintains  trust  in  the assessment  system.  The integration of  retrieval-augmented 
generation (RAG) with domain knowledge enables AI systems to provide more accurate and pedagogically 
relevant  responses.  This  phenomenon  occurs  because  fully  automated  AI  still  has  limitations  in 
understanding the context and nuances of students’ responses. Therefore, human intervention is needed to 
ensure that the resulting scores are valid and accountable.

Overall, the research gaps and novelty potential indicate a clear direction for future research: the focus  
should be placed on developing AI assessment that is valid, reliable, fair, interpretable, and human-aligned. 
Existing gaps provide a  strong rationale  for  exploring hybrid models,  fairness-aware  frameworks,  and 
multimodal datasets. Novelty potential emerges because the combination of AI technology with human 
oversight, RAG integration, and the development of new rubrics enables more adaptive, contextual, and 
pedagogically  grounded  innovation.  This  phenomenon  reflects  that  although  AI  has  brought  major 
advances to assessment, further research is still needed to bridge the gap between technical efficiency and 
valid educational evaluation quality.

Discussion

Development of Publications, Temporal Trends, Sources, Authors, Institutions, Countries, and 
Scientific Collaboration Patterns

Research on measurement innovation in Artificial Intelligence (AI)-based educational assessment has 
experienced strong growth, particularly during the 2023–2026 period. The reviewed literature shows that 
this  topic  has  developed  at  the  intersection  of  educational  assessment,  artificial  intelligence,  machine 
learning, natural language processing, large language models, multimodal learning, automated scoring, and 
human–AI evaluation. The dominance of publications in the most recent period indicates that this theme is 
no longer a peripheral discourse, but has become a new center of attention in educational technology and 
academic measurement.

Ramesh et al. [7], [9], [11], [2], [6], [1], and [18] show that academic discussion has shifted from AI as  
a  support  tool  toward  AI  as  an  instrument  for  evaluation  and  measurement.  This  trend  is  further  
strengthened by the studies of [3], [38], [33], [28], [37], [16], [14], [8], and [21]. Thus, the bibliometric 
map indicates that this field has accelerated following the development of Large Language Models (LLMs), 
GenAI, and multimodal Artificial Intelligence (AI).

The  significance  of  this  finding  lies  in  the  evidence  that  AI-based  assessment  studies  are 
interdisciplinary. The reviewed literature shows contributions from education, computational linguistics, 
computer science, medicine, law, geospatial studies, digital humanities, and educational technology. [7] 
focus on the context of introductory programming education, [9] on translation evaluation, [10] on machine 
translation  evaluation,  Ostheimer  et  al.  [11]  on  the  validation  of  Natural  Language  Processing  (NLP) 
metrics, and [29] on the accessibility evaluation of Massive Open Online Courses (MOOCs).

This diversity explains why AI measurement innovation cannot be limited to classrooms, examinations, 
or conventional rubrics. AI has entered various forms of knowledge representation, ranging from text, code, 
diagrams, reflection, and communication to multimodal artifacts. This finding is important for the field of 
educational assessment because it  shows that measurement constructs need to be expanded in order to 
capture increasingly diverse forms of learning evidence. In terms of scientific collaboration, the findings 
show that this research area has developed through multidisciplinary clusters. In the domain of automated 
writing evaluation,  [4],  [8],  [6],  [39],  and [4]  form a cluster  focused on academic writing assessment, 
coherence, reflection, and feedback quality. In the domain of LLM-as-judge and validation, [33], [28], [34], 
[10], [25], [40], and [32], [41] focus on reliability, alignment, bias, and rubric quality. In the multimodal 
domain,  [15],  [16],  [14],  [42],  [43],  and  [44]  show a  collaborative  direction  among computer  vision, 
multimodal Large Language Models (LLMs), performance evaluation, and artifact-based assessment. This 
pattern is  important  because it  shows that  AI-based educational measurement does not  emerge from a 
single discipline, but from the convergence of assessment theory, data, algorithms, language, and learning 
domains.

Main Themes, Conceptual Clusters, Dominant Keywords, and the Direction of Knowledge Evolution

The reviewed literature  forms at  least  five  main conceptual  clusters.  The first  cluster  is  automatic  
question generation and item quality evaluation, as shown in [7], [5], [3], and [1]. This cluster discusses 
AI’s  ability  to  evaluate  the  quality  of  multiple-choice  questions,  generate  question  stems,  develop 
distractors,  and classify test  items based on Bloom’s cognitive levels.  The dominant  keywords in  this 
cluster  include  multiple-choice  question,  distractor  generation,  Bloom’s  Taxonomy,  rubric-based 
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assessment,  automated  evaluation,  item  quality,  and  learning  objectives.  This  finding  shows  that  AI 
innovation  in  assessment  initially  developed  from  the  need  to  improve  the  quality  of  assessment 
instruments. This occurs because multiple-choice questions and objective instruments remain widely used 
forms of assessment, but their quality is often influenced by the accuracy of indicators, distractors, and 
cognitive levels.

The second cluster is automated writing evaluation and free-text assessment. Bai & Stede [2], [39], [4],  
[8], and [6] show that AI can assess essays, academic writing, open-ended responses, discourse coherence,  
reflection, and feedback quality. This cluster is important because open-ended responses are more closely 
related to higher-order thinking skills than objective questions. However, assessing open-ended responses 
is  also  more  difficult  because  it  involves  argument  structure,  content  quality,  context,  language,  and 
meaning.  Therefore,  the  emergence  of  Natural  Language  Processing  (NLP),  Large  Language  Models 
(LLMs), and hybrid models in this cluster explains the need in modern education for assessment that is 
faster  while  remaining  meaningful.  Its  significance  lies  in  the  fact  that  AI  is  beginning  to  open 
opportunities to expand formative assessment, which was previously limited by human workload.

The third cluster is automated metric validation and human judgment alignment. [9], [10], [11], [44], 
[13], [25], and [45] emphasize that automated scores should not be accepted without validation against 
human  assessment.  This  cluster  shows  an  epistemic  shift  from  “AI  can  assess”  toward  “whether  AI 
assessment can be trusted.” This shift is important because educational assessment is not only concerned 
with efficiency, but also with the consequences of academic decisions. If automated scores are not aligned 
with human judgment, measurement results may lead to diagnostic errors, biased decisions, or unfairness 
for students. Thus, the findings in this cluster strengthen the position of this study that human validation 
remains a core component of AI-based assessment.

The fourth cluster is multimodal, authentic, and performance-based assessment, while the fifth cluster is  
learning analytics, formative assessment, gamification, and digital learning ecosystems. [15], [16], [14], 
[46],  [47],  [42],  [43],  and  [48]  show that  AI-based  measurement  objects  have  expanded from text  to 
images, diagrams, videos, code, creativity, multimodal responses, and procedural performance. [18], [21], 
[23],  [38],  [20],  [17]  show  that  AI  is  also  used  to  monitor  learning  processes,  real-time  evaluation, 
discussion  forums,  project-based  learning,  gamified  learning,  peer  assessment,  and  the  calibration  of 
prospective teachers’ assessment.

The learning analytics cluster shows that assessment is no longer limited to final outcomes, but has 
entered  the  monitoring  of  learning  processes,  interactions,  participation,  motivation,  and  learning 
performance, as shown by [18], [21], [23], [38], [20], [17], and [19]. This finding is important because it  
confirms that AI opens the possibility of more granular, continuous, and data-driven measurement. This 
direction of knowledge evolution shows a shift from assessment as the correction of final results toward 
assessment  as  a  system for  monitoring  learning  processes.  This  is  important  because  digital  learning 
produces data traces that cannot be adequately interpreted through traditional instruments alone.

Forms, Functions, and Models of AI-Based Measurement Innovation in Educational Assessment

The earliest and most dominant form of innovation is automated scoring. Ramesh et al. [7] show that 
Large Language Models (LLMs) can be used to assess the quality of multiple-choice questions based on 
information sufficiency, clarity of the correct answer, uniqueness of options, distractor quality, and code 
correctness. Ahmed & Sorour [1] show that intelligent systems can evaluate the quality of examination 
papers through formal specifications and the classification of Bloom’s cognitive levels. Bai & Stede [2] 
map automated free-text evaluation through feature-based, neural, and hybrid approaches. H. Chen & Pan 
[4]  show  that  automated  evaluation  scoring  can  accelerate  writing  assessment,  but  has  not  replaced 
instructors in assessing structure, logic, and argumentation. Naismith et al. [6] show that GPT-4 can assess 
discourse coherence and provide rationales to improve score interpretability. J.-W. Chen et al. [36] show 
that Natural Language Processing (NLP) can classify the quality of reflection and feedback in workplace-
based assessment.

The  main  function  of  automated  scoring  is  not  only  to  accelerate  grading,  but  also  to  expand 
measurement capacity. This occurs because the number of students, responses, and learning artifacts in 
digital  education continues to increase.  Under these conditions,  manual assessment finds it  difficult  to 
maintain  speed,  consistency,  and  scalability.  However,  the  reviewed  literature  consistently  shows that 
automation is not sufficient without rubrics and validation. Ramesh et al. [7] emphasize the importance of 
gold-label quality and annotation consistency, while H. Chen & Pan [4] show that automated assessment  
remains weak in interpreting complex argument structures. Therefore, automated scoring in this study is 
understood not as a replacement for human raters, but as a support system that needs to be controlled  
through constructs, rubrics, and validation.
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The second form of innovation is automated feedback and formative AI assessment. Shahzad & Abbas 
[8] show that AI writing analytics can provide rapid feedback on grammar, vocabulary, coherence, and 
revision  support,  but  remains  limited  in  assessing  argumentation,  creativity,  academic  style,  cultural  
sensitivity, and content quality.  J.-W. Chen et al.  [36] show that NLP can help monitor the quality of 
reflection and feedback in competency-based assessment,  but is  not intended to replace expert  review. 
Yoshida et al. [21] show that AI in online discussion forums can function as a virtual teacher, peer/message 
matcher,  automated  evaluator,  and  feedback  provider.  This  finding  is  important  because  formative 
assessment  requires  rapid  feedback  so  that  students  can  improve  their  learning  processes.  Thus,  the 
function  of  AI  develops  from  score  generation  into  support  for  learning  regulation  and  instructional 
improvement.

The third form of innovation is multimodal assessment and learning analytics. Rahmanian et al. [16] 
show that  multimodal  LLMs can  be  used to  evaluate  students’  ER diagrams,  although they  still  face 
difficulties with cardinality and complex visual symbols. Panfilova and Valueva [35] show the use of deep 
learning and explainable AI for creativity scoring, while still facing issues of interpretability and cultural 
validity. Bang Andersen et al. [14] extend assessment to video-based micro-assessment of procedural skills. 
Wu et al. [46], show that geospatial code evaluation can be designed as domain-specific, multimodal, and 
unit-test-based.  These  findings  show  that  the  objects  of  educational  measurement  are  becoming 
increasingly broad, so assessment models need to move from textual responses toward authentic, visual, 
temporal, and performative evidence of learning.

Issues of Validity, Reliability, Fairness, Interpretability, Human Oversight, and Alignment with 
Human Assessment

Measurement quality issues are at the core of discussions on Artificial Intelligence (AI) assessment. L.  
He & Ghassemiazghandi [10] show that BLEU has limitations because it only captures surface-level lexical 
similarity and does not sufficiently capture nuances of meaning, culture, ideology, fluency, and coherence. 
Ostheimer et al. [11] show that many studies on text style transfer use automated metrics without adequate 
validation. Wang and Li [12], [44] found that automated metrics may not align with human evaluation. Jon 
& Bojar [13] show the risk of metric gaming, a condition in which systems can optimize metric scores 
without guaranteeing the substantive quality of the output. This finding is important because, in educational 
assessment, metrics must not become an end in themselves. Metrics must serve as valid representations of 
the constructs being measured.

Reliability is also an important issue. Ramesh et al. [7], Zhao et al. [33], Naismith et al. [6], and H. 
Chen & Pan [4] reveal issues related to annotation consistency, gaps with experts, limited reproducibility,  
and classification accuracy that differs across levels. This means that AI models may appear strong in one 
context, but their performance may not necessarily remain stable in other contexts. Fairness and bias are 
evident  in H. Li et  al.  [34],  who show selection bias,  position bias,  and token bias in LLM-as-judge.  
Panfilova and Valueva [35] also show the potential for visual bias in creativity scoring. This finding is 
important  because  educational  assessment  must  ensure  equal  treatment  for  students  from  different 
linguistic, cultural, and experiential backgrounds. If AI models are trained on unrepresentative data, the 
resulting scores may reproduce inequality.

Interpretability  is  the  next  key  issue.  Naismith  et  al.  [6],  Fan  et  al.  [25],  [40],  and  L.  He  &  
Ghassemiazghandi [10] emphasize the importance of rationales, adaptive rubrics, multifaceted evaluation, 
faithfulness,  contextual  relevance,  and  disciplinary  criteria.  Interpretability  is  important  because 
educational users need to understand why students receive certain scores. Without traceable explanations, 
AI-generated scores are difficult to justify academically and ethically. Human oversight is a central issue 
because Shahzad & Abbas [8], Choi et al. [22], Pires et al. [28], and L. He & Ghassemiazghandi [10] 
position AI as a support tool that still requires human validation, particularly in high-stakes assessment. 
Thus,  alignment  with  human  assessment  becomes  an  indicator  that  AI  innovation  must  not  only  be 
technically accurate, but also explainable, testable, calibrated, and pedagogically controlled.

The significance is substantial because it determines whether AI is appropriate for use in educational 
decision-making. Choi et al. [22] show that the detection of inauthentic text in high-stakes assessment still  
requires a human-in-the-loop approach. This shows that although AI can support academic integrity, final 
decisions still require human judgment. The practical implication is that AI assessment systems need to be 
designed with rubric audits, human validation, score rationale tracking, bias checks, and mechanisms for  
appeal or verification. The theoretical implication is that AI assessment validity must be viewed as system 
validity, not merely score validity. This means that what needs to be tested is not only the model output, but 
also  the  data,  rubrics,  context,  interpretation,  score  use,  and  consequences  of  decisions.  Adjacent 
automated-evaluation research has also examined uncertainty in language-model answers, Generative-AI-
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assisted quality evaluation outside education, and transparent multi-LLM grading architectures, providing 
complementary comparisons for trustworthiness and reproducibility [49], [50], [51].

Research Gap, Novelty Potential, and Future Research Agenda

The main research gap lies in the absence of an integrated framework that comprehensively connects AI 
technological innovation with the principles of educational measurement. The reviewed literature remains 
fragmented  by  domain,  such  as  Multiple  Choice  Question  (MCQ)  assessment,  translation  evaluation, 
automated writing evaluation, code evaluation, legal writing evaluation, multimodal assessment, clinical 
Question Answering (QA) evaluation, dialogue evaluation, and creativity scoring. Ramesh et al. [7], Kumar 
et al. [5], Byun & Choi [3], and Ahmed & Sorour [1] focus on instruments and test items. Bai & Stede [2], 
H. Chen & Pan [4], Shahzad & Abbas [8], Naismith et al. [6], and H. Chen & Pan [4] focus on writing,  
open-ended responses, and feedback. Kulkarni et al. [15], Rahmanian et al. [16], Bang Andersen et al. [14],  
and Nguyen & Park [43] focus on multimodality and performance. Zhao et al. [33], Pires et al. [28], H. Li  
et al. [34], L. He & Ghassemiazghandi [10], Fan et al. [25] and Zhang et al. [32], [41] focus on LLM-as-
judge validation.

The most prominent methodological gap is the weak standardization of evaluation and the inconsistent 
alignment between automated metrics and human assessment. Ostheimer et al. [11] show that many studies 
on  text  style  transfer  use  automated  metrics  without  adequate  evidence  of  validity  and  with  limited 
reporting of statistical significance. Wang and Li [12], [44] found that automated metrics may not align 
with, and may even contradict, human evaluation. L. He & Ghassemiazghandi [10] show the limitations of 
Bilingual Evaluation Understudy (BLEU) as a single metric because it captures only surface-level lexical 
similarity.  Jon  & Bojar  [13]  show the  risk  of  metric  gaming  when  systems  are  optimized  to  satisfy 
particular metrics. H. Li et al. [34] show that LLM-as-judge can experience selection bias, position bias,  
and token bias. Panfilova and Valueva [35] show that creativity models may be biased toward certain visual 
elements.  [29]  further  indicate  that  digital  evaluation  is  also  influenced  by  accessibility  and  sample 
representativeness.

The novelty potential of this study lies in developing a synthesis that places “measurement” at the center 
of analysis, rather than merely focusing on the use of AI in education. This novelty is important because it 
shifts the focus from technological questions to measurement questions, namely whether AI outputs are 
truly  valid,  reliable,  fair,  explainable,  and  aligned  with  human  assessment.  This  study  integrates 
bibliometric mapping, conceptual clusters, forms of measurement innovation, validation issues, and future 
research agendas into a single framework of trustworthy AI-based educational measurement. Its originality 
lies  in  combining  automated  scoring,  automated  feedback,  multimodal  assessment,  learning  analytics, 
validity, reliability, fairness, interpretability, and human oversight within one conceptual model. Thus, the 
contribution of this study is not only to classify the literature, but also to build a new conceptual direction  
for AI-based educational assessment.

The future research agenda should be directed toward six priorities. First, research needs to strengthen 
evidence of validity and reliability across contexts, tasks, educational levels, languages, and populations. 
Second, research needs to develop multilingual, multimodal, and contextual benchmark datasets so that 
models are not valid only on dominant data. Third, research needs to strengthen fairness-aware assessment 
and bias-mitigation frameworks. Fourth, research needs to develop explainable AI that can explain scores 
through rubrics, rationales, and decision visualizations. Fifth, research needs to strengthen human-in-the-
loop assessment so that important decisions remain under human control. Sixth, research needs to examine 
the real impact of AI on learning, academic decisions, educators’ workload, and students’ experiences. This 
agenda is important because Artificial Intelligence (AI)-based measurement innovation is meaningful only 
if it can improve the quality of educational decisions, not merely accelerate technical processes.

Significance of the Research Findings

The findings of  this  study are  significant  because  they shift  the  way Artificial  Intelligence (AI)  is 
understood in education. Many previous studies have demonstrated that AI can assess questions, texts,  
translations, code, diagrams, creativity, reflection, communication, chatbots, discussion forums, multimodal 
responses, and educational quality. However, the same studies also show consistent limitations, including 
model bias, domain specificity, limited generalization, misalignment with human judgment, weaknesses in 
automated metrics,  and risks  of  unsupervised use.  Therefore,  this  study is  important  because it  brings 
together two dimensions that are often discussed separately: technological potential and the requirements 
for measurement legitimacy. This study emphasizes that AI can expand, accelerate, and enrich educational 
assessment, but its academic legitimacy still depends on validity, reliability, fairness, interpretability, and 
human control. In other words, the findings of this study show that measurement innovation does not mean 
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replacing humans with machines, but building assessment systems that are faster,  richer in data,  more 
adaptive, more transparent, and still human-centered.

Conceptually, this study contributes by developing a framework that understands AI assessment as a 
measurement system, not merely as a technological application. This contribution is important because the 
field of education is often tempted to view AI in terms of efficiency, automation, or model sophistication.  
This study shows that the more fundamental question is whether AI systems truly measure the appropriate 
construct,  produce  stable  scores,  operate  fairly,  can  be  explained,  and  align  with  human  assessment.  
Through this framework, this study enriches the discussion of educational assessment through the concept 
of trustworthy AI-based educational measurement. This concept positions AI as a system that needs to be 
validated, audited, and calibrated, rather than as an independent authority in assessment. This conceptual 
contribution is relevant to the development of assessment theory in the digital era.

Methodologically, this study contributes through the use of a hybrid approach combining a systematic 
literature review and bibliometric analysis. This approach enables the study not only to map the number of 
publications, sources, authors, countries, and institutions, but also to synthesize the content of the literature, 
conceptual clusters, forms of innovation, validation issues, and future agendas. This approach is important 
because the AI assessment literature is broad and spread across domains. Without systematic synthesis, the 
findings  of  previous  studies  would  remain fragmented and  difficult  to  use  in  building a  direction  for 
educational assessment development. By combining quantitative mapping and qualitative synthesis, this 
study is able to show the structure of knowledge while also interpreting its scholarly meaning. Thus, the 
methodological contribution of this study lies in its ability to bridge bibliometric mapping with conceptual  
argumentation.

Practically, the findings of this study provide guidance for educators, system developers, educational 
institutions, and policymakers. Educators can use these findings to understand that AI should be used as a 
tool  for  assessment  and  feedback,  not  as  a  replacement  for  professional  decision-making.  System 
developers can use these findings to design assessment systems that are rubric-based, explainable,  and 
equipped with human validation mechanisms. Educational institutions can use these findings to establish 
governance for the use of AI in assessment, including bias audits, score rationale tracking, and appeal  
procedures. Policymakers can use these findings as a basis for formulating minimum standards for the use  
of AI in educational decisions. These practical implications are important because the use of AI in high-
stakes assessment can directly affect students’ academic opportunities.

Research Implications

The theoretical  implication of this study is  the need to expand the concept of validity in Artificial  
Intelligence (AI)-based educational assessment. Validity should not be understood only as the relationship 
between scores and constructs, but should also include training data, rubric design, model mechanisms,  
output  interpretability,  alignment  with  human  judgment,  and  the  consequences  of  score  use.  The 
methodological  implication  is  the  need  for  standardization  in  AI  assessment  evaluation.  Every  AI 
assessment  study  should  report  the  dataset,  rubric,  annotation  procedures,  reliability  testing,  human 
validation, bias checks, and the limits of model use. The pedagogical implication is that AI should be used 
to strengthen the learning process through formative feedback, learning analytics, and adaptive assessment. 
The ethical implication is that every use of AI in assessment must be accompanied by the principles of 
fairness,  transparency,  human oversight,  and accountability.  Thus,  the implications of  this  study cover 
theory, method, practice, and governance.

Research Limitations

This  study  has  several  limitations.  First,  this  review  depends  on  the  literature  examined  and  the 
databases used in the selection process, so the findings may be influenced by search scope, search strings, 
inclusion criteria,  and article availability. Second, most of the literature discussed comes from specific 
contexts,  such  as  programming,  translation,  writing  assessment,  clinical  Question  Answering  (QA), 
geospatial studies, diagrams, creativity, or discussion forums, so generalization to all forms of educational 
assessment should be made cautiously. Third, many of the reviewed studies are still focused on model 
development, benchmarking, or limited evaluation, so evidence of long-term impact on learning outcomes 
and educational decisions remains limited. Fourth, several findings related to fairness, interpretability, and 
human oversight are still at the conceptual stage or limited to domain-specific studies. Fifth, bibliometric 
analysis shows publication patterns and keyword relationships, but does not directly prove the pedagogical 
effectiveness of each AI model. Therefore, future research needs to conduct empirical validation across 
contexts, languages, educational levels, and student populations.

Overall, this study contributes to the field of educational assessment by emphasizing that the future of  
AI  assessment  must  be  built  on  valid,  reliable,  fair,  transparent,  and  human-supervised  measurement 
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principles.  This  finding  is  important  because  education  requires  not  only  fast  technology,  but  also 
trustworthy evaluation systems. Artificial Intelligence (AI) can indeed expand assessment capacity, but its 
academic value emerges only when AI outputs can be evidenced, explained, and accounted for. Thus, this 
study provides a conceptual and methodological foundation for the development of AI-based educational 
assessment that is not only automated, but also meaningful, ethical, and human-aligned.

CONCLUSION

This  study  concludes  that  measurement  innovation  in  Artificial  Intelligence-based  educational 
assessment  has  developed  significantly  from  simple  automated  scoring  models  toward  measurement 
systems that are more adaptive, multimodal, data-driven, and oriented toward human validation. The main 
findings show that AI has been used in various forms of assessment, such as automated scoring, automated 
feedback,  multimodal  assessment,  learning  analytics,  item  quality  evaluation,  open-ended  response 
assessment,  academic  writing  evaluation,  code  assessment,  diagram  evaluation,  and  performative 
assessment based on digital artifacts.

From a bibliometric perspective, this field shows strong development during the 2023–2026 period, 
with research increasingly focused on LLMs, GenAI, human-aligned validation, fairness, interpretability, 
and  multimodality.  From a  thematic  perspective,  the  literature  forms  several  main  clusters,  including 
automatic  question  generation,  automated  writing  evaluation,  human  judgment  alignment,  multimodal 
assessment,  and  learning  analytics.  These  findings  show that  AI  not  only  accelerates  the  assessment 
process, but also expands the objects, methods, and evidence of measurement in educational assessment.

The main contribution of this study lies in developing a conceptual synthesis that places “measurement” 
at the core of the analysis, rather than merely examining the use of AI as a learning support tool. Thus, this  
study contributes to the field of educational assessment by mapping the development of the literature, 
identifying conceptual  clusters,  emphasizing issues of  validity,  reliability,  fairness,  interpretability,  and 
human oversight, and formulating a direction toward trustworthy AI-based educational measurement.

Recommendations for future research include the need to develop AI-based assessment models that are 
not only technically accurate, but also pedagogically valid, procedurally fair, and academically auditable. 
Future studies need to examine the validity and reliability of AI systems across different educational levels, 
fields of study, languages, response formats, and assessment contexts. Further studies also need to develop 
multidimensional  rubrics  capable  of  measuring  response  quality,  argumentation,  creativity,  coherence, 
performance, and multimodal evidence of learning more comprehensively.

In addition, research is needed to specifically evaluate fairness, bias, selection bias, position bias, token 
bias, and the potential for metric gaming in AI-based scoring systems. The development of AI assessment 
also needs to apply human-in-the-loop principles, especially for high-impact educational decisions, so that 
assessment  results  can  still  be  verified  by  educators,  evaluators,  or  assessment  experts.  From  a 
methodological perspective, future research needs to use more comprehensive bibliometric data to visualize 
co-authorship,  co-citation,  bibliographic  coupling,  co-word  analysis,  and  thematic  evolution  more 
precisely. Thus, the next research agenda should be directed toward strengthening the integration of AI 
technology, educational measurement theory, human validation, ethical governance, and transparent and 
accountable assessment design.
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