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ABSTRACT 
The rise of AI in education has led to significant advancements, promoting automated grading to reduce 
educator workload and to enhance pedagogy. However, its integration raises complex pedagogical, 
ethical, and technical questions. This systematic review examines the intersection of automated grading 
tool development and educational assessment through the lens of the activity theory. Our analysis, 
informed by literature since 2010, reveals a critical need for comprehensive evaluation frameworks 
addressing the iterative nature of technology development and interdisciplinary collaboration. Key 
breakpoints in existing studies include oversight of the reliability and validity of assessments, ethical 
considerations, coherent evaluation rules, interdisciplinary collaboration, and agentive and constructive 
roles of users. Addressing these issues requires a holistic approach that bridges technical and 
educational perspectives, fostering trust and supporting meaningful learning outcomes. Enhanced 
collaboration and ongoing professional development are crucial for creating AI-driven assessments. 
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INTRODUCTION 
The rise of AI has gained global attention in the educational field, especially in assessments, where its 
applications span assessment for learning, evaluation, and predictive analytics [1]. his integration has 
driven the development of automated assessment systems designed to enhance and streamline 
assessment processes, aiming to improve pedagogical value and to reduce educators’ workloads [2]. 
Automated assessments encompass varying levels of grading or scoring automation and provide 
informative evaluations and pedagogical functionalities such as generating personalized feedback, 
developing adaptive testing mechanisms, and conducting predictive analytics to assess and enhance 
student performance. 

Given the foundational role of automated grading tools in these systems, this article conducts a 
systematic literature review to explore the multifaceted landscape of automated grading systems. The 
review examines the assessment activities and purposes these automated grading tools support, the 
evaluation indicators used to assess their effectiveness and fairness, and the interdisciplinary 
collaboration required for their development and deployment, by bridging educational and computer 
science perspectives. 

Automated grading has evolved from simple, predefined scoring of multiple-choice questions to more 
sophisticated generative scoring methods like automated essay scoring (AES), automated writing 
evaluation (AWE), and automated short answer grading (ASAG). These advanced systems leverage 
AI capabilities, such as machine learning algorithms, to analyze large-scale, continuous, and 
multifaceted assessment data [3], [4]. Despite advancements, fundamental challenges recur in the 
reductionism inherent in automated grading, which may overlook higher-order thinking and text 
meaning, with an overemphasis on superficial features detracting from content quality [5], [6]. Another 
fundamental issue is to consider the validity and accuracy of automated grading merely based on 
human-machine agreement, which focuses on the final grading results but neglects the fact that human-
machine agreement may correlate but does not necessarily reflect genuine alignment [4]. 

This highlights the distinction between technological innovation and the underlying theoretical 
assessment framework [7]. Such distinction raises different issues, including an emphasis on superficial 
features detracting from content quality, students gaming the system, and low accountability in high-
stakes assessment contexts [8]. Efforts have been made to improve the performance of algorithmic 
scoring systems by optimizing technical factors such as data quality and quantity, feature engineering, 
algorithm selection, parameter tuning, and evaluation metrics [9], [10]. Nevertheless, challenges linger 



in translating abstract and complex constructs into clear and reliable annotation guidelines for rubric 
items that can be used by machines [11]. 

Grading validity of automated grading tools should be designed as part of a construct-driven 
assessment system to ensure grades accurately reflect the construct being measured [12]. Scoring 
algorithms should align response features with targeted cognitive and learning constructs in specific 
contexts [5]. The evidence aligns the feature extraction, weighting, and evaluation with the targeted 
constructs and criteria [13]. Training data should help the model recognize purposeful diagnostic 
information, ensuring the data is understandable regarding the construct across proficiency levels. AI 
scores can be used alone or combined with human-scored responses or machine-scored items [13]. 
Effective validation of AI scoring should focus on the construct validity of algorithmic scoring, which is 
grounded in a robust integration of logic and data and provide a comprehensive analysis of how 
accurately the scores reflect the intended construct and their resistance to irrelevant variance [12].  

The challenges of accuracy, reliability, and validity are not merely technical problems, but as they are 
deeply intertwined with complexities of human cognition, language, and ethical considerations. Early-
stage collaboration between developers and educators to analyze in analyzing targeted knowledge and 
skills, tasks, and evidence is essential for creating valid, transparent, and interpretable variables, as 
well as models in algorithmic grading that align with specific pedagogical assessment purposes. Despite 
the necessity of collaboration, reviews of recent AI developments in education show a notable gap in 
the involvement of educational departments [6].  

The first issue is the alignment of automated grading tools with assessment purposes. One purpose is 
the assessment of learning (AoL), which measures what students have learned at the end of a unit or 
course [14]. Another purpose is the assessment for learning (AfL), which involves seeking and 
interpreting evidence to decide where learners are in their learning process, where they need to go, and 
how best to get there with continuous feedback [15]. The purpose of assessment as learning (AaL), 
which encourages learners to take responsibility for their learning and play agentic and constructive 
roles in understanding the assessment, is often overlooked [14]. In assessment settings, learners and 
teachers should critically evaluate automated grading tools to have a voice in the assessment process 
and to enhance their meta-cognitive skills and self-regulation. The engagement of students and 
teachers are essential for the feedback loop for developing automated grading tools that align with 
educational purposes [16].  

The gap in interdisciplinary collaboration has led to challenges concerning the educational, practical, 
and ethical values of AI-based assessments, particularly regarding bias, fairness, transparency, 
accountability, and the need for equitable assessment practices [17], [18]. It is essential to incorporate 
ethical principles at the beginning of development and application, especially in AI involvement. 
Principles such as justice and fairness, transparency, non-maleficence, responsibility, and privacy must 
be considered [19]. 

To advance the development and integration of automated grading tools in education, several key 
issues must be addressed: 1) synergies and conflicts between automated grading tools and educational 
assessment theories (accuracy, reliability, and validity), 2) the interdisciplinary and ethical development 
of AI-driven assessments, 3) the active roles of stakeholders in developing and using these tools. 
Therefore, conducting a comprehensive literature review on automated grading tools is essential to gain 
an in-depth understanding of the current assessment purposes and established rules of developing AI-
driven automated grading tools, as well as current interdisciplinary collaborations and the obstacles 
hindering the development of ethical automated grading tools with educational value.  

The systematic review requires a robust theoretical framework. Activity Theory (AT) is particularly well-
suited for this purpose due to its holistic and socio-cultural approach to understanding human practices 
as systemic and socially situated phenomena [20], [21]. 

The basic unit of analysis in activity theory is activity, which incorporates human actions within 
meaningful contexts (see Figure 1). Activities involve sequences of individual and cooperative actions 
aimed at transforming an object, mediated by tools, into desired outcomes [21], [22]. The foundation of 
any activity lies within its community, governed by rules and the division of labor, which are products of 
historical development and subject to ongoing refinement. Engaging in an activity means executing 
actions with specific, immediate goals. The planning of these actions often relies on an action model; 
the more refined this model is, the more likely is the success of the ensuing action [22].  



 
Figure 1 Basic structure of an activity, there are extra spaces and the number is in italics.  

While activity theory identifies contradictions and tensions within an activity system effectively, such as 
conflicts between pedagogical objectives and the constraints of automated systems, it also recognizes 
the dynamic evolution of activities (i.e., the development of automated assessment). This adaptability 
aligns with the rapidly evolving field of AI and automated assessment, where interactions and 
community regulations change continuously. By employing the activity theory, we can systematically 
review the development and implementation of automated grading tools in educational contexts. The 
motive in existing literature reveals the driving forces and assessment activities of developing 
automated grading tools. The examination of the rules in different activity systems from educational and 
computer science fields allows to highlight the alignment or misalignment with technical focuses and 
educational assessment values. The analysis of the subjects and divisions of labor showcases 
interdisciplinary collaboration and stakeholder roles. Analyzing the automated grading tools used 
reveals their mediating function in grading, learning, and teaching.  

Research questions 
How are automated grading tools developed and integrated into educational assessment activities from 
an interdisciplinary perspective? 

Sub-questions guiding the data analysis: 

1. What are the motives underlying existing research on automated grading tools? 
2. What are the assessment purposes of automated grading tools under different motives? 
3. What are the rules, i.e., evaluation indicators, prioritized in computer and educational fields in 

these activities? 
4. What are the action models in the activities driven by these motives? 
5. Who are the subjects and what divisions of labor are involved in these activities? 

METHOD 

To gather relevant studies on the use of automated grading tools in educational environments, we 
followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) 
guidelines [23]. Figure 2 illustrates the process of literature identification, screening, and selection for 
this review. 
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Figure 2 Selection procedure flow chart 

Literature search 
The search for relevant literature was conducted using two prominent electronic databases in the field 
of educational science: EBSCO and ProQuest. Search phrases such as “automat* grading,” “computer-
aided grading,” “AI in grading,” “algorithmic grading,” “machine learning in grading,” and “technology-
assisted grading” were employed. These phrases were combined using “OR” to broaden the search 
scope. Our systematic review focused on articles published since 2010, due to significant 
advancements in natural language processing (NLP), machine learning (ML), and artificial intelligence 
(AI) technologies in the early 2010s. Additionally, the review was limited to studies published in peer-
reviewed journals and available in English. The search, executed in October 2023, identified 521 studies. 

Literature screening 
To examine the complex interplay between the development of automated grading tools and 
educational assessment activities, the included studies must provide sufficient information on the 
impact of these tools on learning, teaching, grading, and their interaction with human grading. The 
literature screening ensures the studies meeting the following criteria 1) The research should provide 
information on the consequences of using automated grading tools, including their impact on students’ 
learning outcomes, instructors’ teaching and grading methods, or perceptions of automated grading 
tools, 2) The research should provide information on the interaction between automated grading tools 
and humans during learning, teaching, and grading processes, 3) The research should provide 
empirical evidence related to the content stated in criteria 1 and 2, meaning the research must involve 
specific automated grading tools. 

The articles must meet one of the first two criteria and invariably fulfill the third criterion in order to be 
included. Articles focusing solely on the technical details of automated grading tools or instructional 
design without relevant analysis related to criteria 1 or 2 are excluded. We conducted the screening 
process using a double-blind method based on the titles and abstracts of the articles. For conflicting 
decisions and “maybe” articles, we reviewed the full text for comprehensive evaluation. Ultimately, 42 
papers were included for analysis. 

Data analysis 
Data analysis was performed using both deductive and inductive coding (see Figure 3). We coded each 
included study as an individual activity within the domain of advancing automated grading in educational 
activity system, totaling 42 activities. For deductive coding, guided by activity theory, we segmented the 
text in each included study to describe 1) motives: text describing the aims and objectives of the activity 
(included study), 2) subjects: text describing the individual or group interacting with the automated 
assessment tools and involved in the assessment activities, 3) action models:text describing the chain 
of actions taken to address the research questions or achieve the activity goals, 4) rules: text describing 
the evaluation indicators used to mediate the subjects' actions and evaluate the automated assessment 
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tools, 5) division of labor: text describing the distribution of tasks, responsibilities, roles, and power 
among the subjects involved in the activity,6) tools: text describing the automated assessment system, 
and 7) outcomes: text describing the results of the activity. To capture the complexities, texts describing 
key information were segmented in NVivo. 

 
Figure 3 Thematic data analysis process 

For inductive coding, themes emerging from segmented texts were identified as sub-codes of the seven 
main codes. Periodic meetings were held to discuss and interpret these patterns. Emerged patterns 
and sub-themes were iteratively used for further deductive coding if aligned with existing theories. For 
instance, analyzing the assessment purposes of automate grading tools revealed themes like formative 
assessment for learning and summative assessment of learning, with one case showing critical 
pedagogy in using assessment as learning. We identified three main categories: assessment of, for, 
and as learning. 

RESULTS 

What are the motives of activities, i.e. included studies, on automated grading tools? 
The findings indicate two main categories of motives in the activities (i.e., included studies). One activity 
could engage in more than one sub-motive. Motive 1 focuses on developing automated assessment 
tools by increasing their pedagogical and evaluative value and enhancing their technical capabilities 
(n=20). Sub-motive 1.1 aims to increase the pedagogical effectiveness of assessments by providing 
feedback to improve students’ learning outcomes (n=7) [24], [25], [26], [27], [28], [29], [30]. Sub-motive 
1.2 seeks to enhance the evaluative function by assessing complex tasks that elicit higher-order thinking 
and problem-solving (n=7) [30], [31], [32], [33], [34], [35], [36]. Sub-motive 1.3 advances technical 
possibilities by increasing data efficiency, improving grading reliability, and addressing ethical issues 
such as fairness, human-centric approaches, adaptability, and contextualization (n=6) [29], [37], [38], 
[39], [40], [41]. Initiatives under Motive 1 often emphasize alleviating the resource-intensive nature of 
traditional assessments, as well as addressing biases and inconsistencies in human grading.  

Motive 2 focuses on evaluating the performance and impact of automated assessments (n=22). Sub-
motive 2.1 evaluates validity and reliability (n=2) [42], [43]. Sub-motive 2.2 assesses the impact on 
learning outcomes (n=3) [44], [45], [46]. Sub-motive 2.3 examines users’ perceptions, acceptance, and 
trust (n=9) [7], [8], [47], [48], [49], [50], [51], [52], [53]. Sub-motive 2.4 evaluates technical performance 
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(n=10) [7], [10], [54], [55], [56], [57], [58], [59], [60], [61]. Sub-motive 2.5 investigates user interaction 
(n=5) [7], [47], [51], [55], [62] (see Figure 4). 

 
Figure 4 Overview of motives of included studies 

Despite the fundamental importance of reliability and construct validity in automated grading, this area 
has received very negligible attention. This highlights a lack of understanding of the fundamental issues 
regarding the construct validity of automated grading tools and their alignment with educational values. 
There are limited number of studies on the interaction between users and automated assessment tools, 
suggesting a potential gap in understanding how learners and teachers play agentic and constructive 
roles in the use of these tools. Additionally, efforts to address the ethical issues of automated grading 
tools are relatively minimal.  

The motives of the activities reveal interactions among individual activity systems that collectively form 
a larger activity system (see Figure 4). Theoretically, outcomes from Motive 1.3 lay the technical 
foundation for activities in Motives 1.1 and 1.2. Activities under Motive 1.2, aimed at enhancing 
evaluative functions for complex tasks, can also develop through Motive 1.1. Outcomes from Motive 1 
activities should precede Motive 2 activities, providing feedback for future cycles of Motive 1 activities. 
This broader system demonstrates the iterative nature of developing these tools, where smaller activity 
systems interact to advance the overall field of automated assessment in education. However, the 
imbalance in the number of activities with different motives indicates a disproportionate focus within the 
broader activity system, potentially disrupting the iterative and interdisciplinary development loop.  

What are the assessment purposes of automated grading tools under different motives? 
Activities focused on summative assessment of learning are considerably more than formative 
assessment for learning (see Figure 5). The activities emphasizing the pedagogical value of 
assessment (Motives 1.1, 2.2, 2.5) (n=20) [7], [24], [25], [26], [27], [28], [29], [30], [32], [37], [38], [45], 
[46], [47], [48], [50], [54], [59], [60], place a balanced emphasis on both summative and formative 
assessment. In contrast, activities focusing on the evaluative function (Motive 1.2), technical 
performance (Motives 1.3 and 2.4), validity and reliability (Motive 2.1), and user perception (Motive 2.3) 
place a heavier emphasis on summative assessment (n=22) [8], [10], [31], [33], [34], [35], [36], [39], 
[40], [41], [42], [43], [49], [51], [52], [53], [54], [56], [57], [58], [61], [62]. 

Theoretically, under the broader activity system, activities under Motives 1.3 and 2.4 provide the 
technical foundation. However, only a small number of activities have provided technical advancements 
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for formative assessments (n=7) [7], [29], [37], [38], [55], [59], [60], which points out a possible gap in 
the development of automated grading tools for formative assessment. This finding suggests that 

automated grading tools primarily focus on summative assessment , whereas technical advancement 
focuses on formative assesment for learning.  

  
Figure 5 Overview of the activities’ motives and purposes of automated assessments 

 
We encoded assessment as learning as the involvement of students in understanding automated 
assessment tools, having the students reflect on their use and consider the tools’s impact on learning 
processes and outcomes (n=17) [7], [8], [24], [25], [29], [30], [43], [44], [45], [46], [47], [50], [51], [53], 
[54], [60], [61](see Figure 5). Activities with Motives 1.1, 2.2, 2.3, and 2.5, which focus on learners’ 
perspectives, active learning processes, and impacts on learning outcomes, involve more assessment 
as learning. In contrast, activities with Motives 1.2, 1.3, and 2.4, which focus more on assessment 
results and technical performance, involve less assessment as learning. This indicates that the 
engagement of learners as active users with clear learning objectives more naturally involves them in 
assessment-as-learning (there are not always hyphens between these terms, maybe add them to all?) 
activities compared to activities where learners play a passive role. 

However, activities with Motives 1.3 and 2.4 show that some assessment as learning activities can still 
occur even when the focus is on technical performance (n=5) [7], [29], [55], [60], [61]. This indicates 
that it is possible to engage students in evaluating automated grading tools and reflecting their impact 
on learning, even within a technically focused context. More activities that involve learners in 
understanding the technical performance of automated grading tools and using summative grading 
tools constructively and proactively are needed. 

What are the rules, i.e., evaluation indicators, prioritized in computer and educational field in 
these activities? 
The evaluation indicators used in the included studies reveal fundamental differences in how automated 
grading tools are evaluated from technical and educational perspectives. To understand these priorities 
better, we categorized activities into educational focuses (motives 1.1, 1.2, 2.1, 2.2, 2.3, 2.5) and 
technical focuses (motives 1.3, 2.4). Qualitative data analysis indicates three groups of evaluation 

Motive 1.1 = Develop automated assessment to increase pedagogical effectiveness of assessment (feedback)  
Motive 1.2 = Develop automated assessment to increase evaluative function of assessment for complex tasks 
Motive 1.3 = Develop automated assessment with high technical performance 
Motive 2.1 = Evaluate the validity and reliability of automated assessment  
Motive 2.2 = Evaluate the impact of automated assessment on learning outcomes 
Motive 2.3 = Analysis and evaluate the perception, acceptance, and trust in automated assessment 
Motive 2.4 = Evaluate the technical performance of automated assessment 
Motive 2.5 = Evaluate the user interaction with automated assessment tool 
 



indicators used to assess the performance, effectiveness, and impact of automated grading tools (see 
Figure 6): 1) technical perspective: technical performance, 2) Educational perspectives: users’ 
evaluation and perception, and 3) impact on teaching, grading, and learning. 

The results suggest that technical and educational perspectives might use the same terms with different 
meanings and expectations. Fundamentally, technical perspectives focus on validating tool 
performance, accuracy, and scalability, whereas educational perspectives emphasize impact on 
learning outcomes, alignment of tools with educational objectives, and stakeholder perceptions. The 
gap between technical and educational perspectives also appears when the impact on teaching, 
grading, and learning is measured. Technical perspectives focus on objective measurements such as 
grading time and error reduction. In contrast, educational perspectives focus more on teachers and 
learners actively reflecting on the impact, covering broader aspects of the influence of automated 
grading tools. While objective data shows clear benefits of understanding the performance of automated 



grading tools, subjective experiences highlight inaccurate results, practical challenges, and the 
alignments with educational meaning. 

Technical perspectives:  
Technical performance 

Educational perspectives: 
Users’ (i.e. instructors and learners) evaluation 
and and percpetion 

Reliability, Validity, and Accuracy 
Scoring precision, error rate, inter-rater 
reliability (human grade as gold standard), 
consistency, 10-fold-cross validation. 

Perception on Reliability and Validity 
Human-machine agreement, error rate, grading 
consistency of scores across multiple assessments, 
alignment with learning objectives, accuracy in 
capturing student response nuances 

Explainability 
System's ability to provide clear, 
understandable, and interpretable reasons 
behind decisions or scores. 

Perception on Clarity (explainablity) 
System’s ability to provide clear, understandable, 
and interpretable feedback and reasoning behind 
decisions or scores. 

Feasibility and Practicality 
Financial/resource investment, data quality, 
computational power, technical expertise. 

Perception on Usability and Practicality 
Ease of use, user interface design, accessibility, 
intuitiveness, functionality, integration with existing 
systems, reliability, tangible benefits. 

Fairness and Biases 
Fairness and biases from algorithms and 
datasets: ABROCA values, token recognition. 

Ethical Considerations 
Transparency, fairness, human oversight, 
traceability, explainability, algorithm biases. 

Other Technical Indicators Other Educational Indicator 

Adaptability 
Ease of updating/modifying system, handling 
different questions/tasks, integrating human 
collaboration. 

Attitude and Acceptance 
Initial reactions, ongoing impressions, satisfaction 
scores, trust, engagement, preference vs. human 
feedback, resistance, concerns. 

Speed and Scalability 
Handling large datasets/users, 
processing/grading time. 

Impact on teaching, grading, and learning 

Passively Measured Subjects Actively Reflective Subjects 

Impact on Teaching and Grading 
Time/effort on grading, grading performance 
improvements, objective/uniform 
assessments. 

Reflection of Impact on Teaching and Grading 
Time management, job performance, feedback 
quality, economic benefits from tool implementation. 

Impact on Learning Outcomes 
Grade improvements, error reduction, writing 
quality enhancement, learning approach 
changes. 

Reflection of Impact on Learning 
Outcomes, engagement, study habits/strategies, 
effectiveness, exam preparation, motivation, 
anxiety/stress, impact on student admission. 

Figure 6 Overview of evaluation indicators used in activities with motives of educational or technical 
focuses 

Qualitative analysis of the evaluation indicators indicates different expectations of automated grading 
tools from different fields. Quantitative analysis indicates the overall focuses across two field (see Figure 
7). The analysis reveals that technical indicators such as accuracy, reliability, and validity are the 
primary measures used to evaluate automated grading tools [7], [10], [26], [27], [29], [30], [33], [35], 
[36], [39], [40], [41], [42], [46], [48], [58], [59], [60], [61], [62]. However, validity assessments mainly rely 
on human-machine agreement, error rates, and 10-fold cross-validation, with little emphasis on the 
construct validity of the tools. These evaluations use statistical methods to identify patterns and 
conditions under which automated grading performs well or poorly. These evaluation only offer 
probabilistic accuracy that may decrease with diverse response structures or different contexts. Issues 



like false negatives, false positives, and difficulties in rating certain response types persist despite high 
accuracy in general.  

 
Figure 7 Overview of evaluation indicators used in activities with motives of educational or technical 
focuses 

Furthermore, evaluation indicators like “explainability” [7], [8], [24], [28], [35], [47], [49], [51], “fairness 
and biases” [7], [25], [32], [34], [49], [52], [56] are underutilized in assessing automated grading tools. 
This under-utilization suggests a need for technical evaluations to focus on ethical AI principles. 
Similarly, indicators such as “ethical consideration” and “perception of clarity” are less frequently used, 
indicating that while these aspects are acknowledged, they are not primary focuses in both field. The 
lack of emphasis on ethics in both fields highlights the necessity to integrate these ethical elements 
more thoroughly into the evaluations of automated grading tools. 

The results also indicate that educational activities encompass a broader range of user perceptions and 
experiences [7], [24], [25], [29], [34], [35], [46], [47], [48], [50], [53], [55], [62]. Additionally, objective 
measurements of the impact on teaching, grading, learning, and learning outcomes are 
underemphasize in technical focus activities when evaluating automated grading tools. This lack of 
focus may result in developing tools that lack real-world applicability and educational value.  

What are the action models in the activities driven by these motives? 
Activities with different motives demonstrated action models, a series of actions driven by motives, that 
align with the phases of the ADDIE model: Analysis, Design, Development, Implementation, and 
Evaluation (see Figure 8).  

Our findings reveal discrepancies between activities with educational advancement focuses and those 
with technical advancement focuses. The activities aiming to develop automated assessment tools 
(motives 1.1, 1.2, 1.3) generally cover the full ADDIE cycle. However, in motive 1.3, activities focused 
on technical advancement have fewer instances in the implementation phase (n=3) (n=3) [29], [38], [40], 
in real-world educational contexts. This gap suggests that the evaluations of technical performance in 
these activities primarily rely on “process data” rather than real-world contexts [37], [39], [41]. 



Activities with motive 2 also exhibit discrepancies between technical and educational focuses. Activities 
emphasizing educational and stakeholder perspectives (motives 2.1, 2.2, 2.3, 2.5) are minimally 
involved in the design [55] and development[42], [46], [50], [54], [62] phases, instead focusing on 
implementing and evaluating automated assessment tools in real-world contexts. These activities often 
adopt existing tools but may lack refinement for specific educational purposes. In contrast, activities 
focusing on technical performance (motive 2.4) engage in both the design [57], [59] and development 
[10], [54], [55], [56], [57], [58], [59] phases. These activities prioritize refining algorithms and retraining 
models with better data or features to contextualize the usage of automated grading tools [7], [56], [60], 
[61].  

These discrepancies highlight differences in standpoints, limitations, and strengths in developing, 
refining, and contextualizing automated assessments across two fields. They may also disrupt the 
theoretical iterations of development within the broader activity system 

 
Figure 8 Overview of action models across different motives 

 
Who are the subjects and what divisions of labor are involved in these activities? 
The analysis of subject involvement reveals five main categories of, stakeholders, 
developers/technicians, researchers, instructors/teachers/raters, learners, and others, each 
participating in the ADDIE phases differently (see Figure 9).  

Researchers participate in all phases of the ADDIE model across all motives due to their role in existing 
studies. However, there is a trend of reduced researcher involvement in the implementation phases 
across all activities. Researchers are actively involved in the evaluation phases to assess technical 
performance and may also act as developers, which is not fully represented in this research. 

Developers’ roles are primarily limited to the design and development phases, except for activities with 
motive 2.3. They are rarely involved in the implementation phases across all motives, indicating a 
potential disconnect between developers and end users regarding interaction with the automated 
assessments they create. 

 

Motive 1.1 = Develop automated assessment to increase pedagogical effectiveness of assessment (feedback)  
Motive 1.2 = Develop automated assessment to increase evaluative function of assessment for complex tasks 
Motive 1.3 = Develop automated assessment with high technical performance 
Motive 2.1 = Evaluate the validity and reliability of automated assessment  
Motive 2.2 = Evaluate the impact of automated assessment on learning outcomes 
Motive 2.3 = Analysis and evaluate the perception, acceptance, and trust in automated assessment 
Motive 2.4 = Evaluate the technical performance of automated assessment 
Motive 2.5 = Evaluate the user interaction with automated assessment tool 
 



 
Figure 9 Overview of subject involvement in the ADDIE phases across different motives 

 

Regarding the role of instructor, the findings suggest that instructors are in the activities across all 
motives. However, they are underrepresented in the design and evaluation phases when activities focus 
on technical advancement (motive 1.3 and motive 2.4), thus indicating that instructors are not actively 
participating in the technical design of automated assessments. Qualitative analysis indicates that while 
instructors have been involved in different ADDIE phases, their roles mainly involve designing 
assessment questions and answers questions and answers (n=7) [25], [26], [27], [32], [33], [34], [49], 
and setting grading criteria (n=9) [25], [29], [32], [33], [34], [35], [36], [38], [57]. Instructors primarily 
participate passively by providing data for training models and examining model performance. Very few 
studies have engaged instructors as active stakeholders, such as defining the pedagogical functionality 
of automated grading tools (n=3) [24], [28], [33], evaluating pedagogical alignment (n=4) [24], [26], [28], 
[35], and providing feedback in human-in-the-loop development to refine grading model accuracy (n=6) 
[24], [27], [28], [32], [46], [50]. 

As for students, they are almost absent from the design and development phases across all activities 
with different motives. They are mainly involved in the implementation and evaluation phases of 
activities focusing on their learning process and perceptions (motives 1.1, 2.1, 2.2, 2.3, and 2.5). 
Learners are seldom involved in evaluating automated grading tools for summative assessment (motive 
1.2) and the technical performance of automated assessments (motive 1.3). Students’ roles are mainly 
passive, such as generating data for model training and testing, as well as participating in learning 
activities involving automated grading tools. Only some activities involve students providing feedback 
on the user experience of automated grading tools (n=10) [7], [24], [29], [35], [44], [45], [46], [47], [51], 
[60], raising ethical consideration (n=2) (34, 76) and reflecting on the impact on their learning (n=12) 
[24], [29], [35], [44], [45], [46], [47], [50], [51], [53], [60], [61].  

Motive 1.1 = Develop automated assessment to increase pedagogical effectiveness of assessment (feedback)  
Motive 1.2 = Develop automated assessment to increase evaluative function of assessment for complex tasks 
Motive 1.3 = Develop automated assessment with high technical performance 
Motive 2.1 = Evaluate the validity and reliability of automated assessment  
Motive 2.2 = Evaluate the impact of automated assessment on learning outcomes 
Motive 2.3 = Analysis and evaluate the perception, acceptance, and trust in automated assessment 
Motive 2.4 = Evaluate the technical performance of automated assessment 
Motive 2.5 = Evaluate the user interaction with automated assessment tool 
 



The “others” category has minimal involvement in all activities. Only five activities indicate contributions 
from various stakeholders, including a linguist developing language and rhetorical structures (motive 
1.1), an external expert for ground truth grading (motive 1.1), faculty members assessing feasibility and 
need (motive 1.2), and stakeholders with AI experience discussing acceptance in decision-making 
(motive 2.3). Despite these contributions, there is a need for a better understanding of experts’ roles 
from different fields and their contributions to the development of automated grading tools. 

DISCUSSION AND CONCLUSION 
How are automated grading tools developed and integrated into educational assessment 
activities from an interdisciplinary perspective? 
This review identifies two main activities advancing automated assessments in educational contexts 
(see figure 10). Activity 1 focuses on developing reliable and accurate automated assessments with 
educational value, while activity 2 evaluates the performance, usage, and impact of these tools. Several 
breakpoints are identified, which have hindered the development of ethical automated assessments 
that align with educational theories. These breakpoints occur in the motives of existing activity systems, 
the assessment purposes of the automated grading tools, the evaluation indicators used to assess the 
effectiveness and impact of automated assessments (i.e., rules) and the interdisciplinary collaboration 
involving subjects (i.e., subjects, action models, and division of labor). 

 
Figure 10 Activity system of advancing AI-driven automated assessments in educational contexts 

Outcome:
Grading performance and 

learning outcomes, 
perceived acceptance and 

trsut toward automated 
assessment

Subject: Instructors, 
learners, researcher 

(developer) 

Outcome & Tool: 
Feasible and 

contextualized 
automated 

assessment

Rules: educational 
perspectives, reliability, validity, 

performance, and impact on 
learning process and outcome

Division of labor: Responsibilty of 
instructor, learners, automated 

assessment, (researcher, 
developer)

Object: 
Grading and 

learning 
objectives

Educational 
community

Learning, 
teaching, 
grading

Object: 
Automated 
assessment

Developing automated assessment

Subject: 
Developers, 
researchers, 
(instructor)

Technical 
community

Tool: Algorithm, 
feature, dataset

Rules: Technical 

performance 

evaluation

Division of labor: 
Responsibility of developer, 
researchers, (instructors, 

teachers) Eva
lua

tio
n r

ep
ort

 of
 

the
 pe

rfo
rm

an
ce

, 

us
ag

e o
f a

nd
 im

pa
ct 

of 
au

tom
ate

d 

as
se

ss
men

t

Evaluation and analysis

I EDDA

I EDDA



he breakpoints in the motives of the existing activities highlight fundamental issues in the field. First, 
there is a need for understanding the validity and reliability of automated assessments from both 
technical and educational perspectives to determine their true performance. Despite concerns that 
automated grading tools fail to capture complex constructs [4], [6], efforts to address these issues are 
insufficient to focusing on the construct validity of algorithmic grading [13]. Second, more activities are 
needed to evaluate the ethical element, i.e., transparency, justice, fairness, non-maleficence, 
responsibility, and privacy, of the automated grading tools from both objective performance metrics and 
human-centric evaluations [19], [63]. Third, there is a lack of activities focusing on the interaction 
between the users, such as instructors and teachers, and automated assessments, and its impact on 
learning outcomes. This gap hinders the comprehension of how users might constructively or otherwise 
use automated assessments, affecting long-term learning outcomes that are not immediately 
observable. 

The breakpoints in the assessment purposes of automated grading tools, particularly technical 
advancement, lies in their emphasis on summative assessment. This lack of technical advancement of 
automated grading tools for formative assessments suggest that the system might rely on summative 
feedback mechanisms without proper alignment with learning interactions [4]. Another critical break 
point is the lack of deliberate actions to use automated assessment as a learning tool to develop 
learners' constructive role in understanding, evaluating, and using automated assessments for self-
regulation [64]. Further research is necessary to understand the impact of learners’ AI literacy and 
critical thinking on automated assessment development and their role in fostering self-regulated 
learning and contributing to tool development. 

Breakpoints also exist in the indicators used to evaluate the performance and impact of automated 
assessments. First, there is an urgent need to research the construct validity of automated grading tools 
instead of over-focusing on the human-machine agreement. Secondly, there is an overemphasis on 
technical performance, neglecting ethical considerations and the objective impact on learning and 
teaching from both technical and educational perspectives. Thirdly, the differing evaluation criteria and 
indicators used by technical and educational perspectives highlight gaps in mutual understanding, 
necessitating further research to achieve synergy. It is crucial to understand how developers, 
researchers, instructors, and learners can play constructive and proactive roles in addressing these 
gaps. For example, while technical definitions of reliability, validity, and accuracy emphasize 
probabilistic results, instructors and students need to interpret these results effectively to avoid an all-
or-nothing manner. Conversely, developers should enhance the transparency and explainability of 
automated grading tools to support teachers’ and students’ activities [63]. 

Breakpoints in action models and divisions of labor reveal insufficient active engagement of instructors 
and learners in the development and use of these tools, missing their constructive and proactive roles. 
In the action model, technical efforts prioritize development and performance evaluation but often 
neglect real-world implementation, while educational efforts focus on implementation and impact, 
omitting model refinement. Limited collaborative efforts are reported in the alignment of automated 
grading tools with pedagogical requirements, defining assessment criteria, converting pedagogical 
requirements to technical specifications, ensuring data reliability, and defining key features [1]. These 
collaborations are essential for enhancing the validity, reliability, transparency, and explainability of 
automated assessments. Additionally, students’ constructive roles in using automated assessments for 
improving their learning are under researched, indicating the need of investigating and developing their 
AI literacy and cognitive competencies for using automated grading tools. Moreover, professional 
development from the perspectives of instructors is necessary. 

This review underscores the complexity and interconnectedness of developing and implementing 
automated assessment tools in educational contexts. While technical advancements are valuable, it’s 
crucial to contextualize these tools and consider their practical educational applications. Beyond striving 
for human-machine agreement, we should scrutinize the construct validity these tools introduce, 
including their ability to assess constructs that may suppass human evaluation. Discussions should 
focus on how these tools can complement human limitations and work synergistically with educators, 
rather than merely replacing or dismissing human evaluators. Engaging developers, instructors, and 
learners as active, agentic and constructive participants is essential. By understanding the impact of 
automatic grading tools on teaching and learning, stakeholders can enhance these technologies 
through feedback. As AI increasingly influences society, it’s vital for instructors and students to 



comprehend both the outcomes generated by automatic grading systems and the mechanisms behind 
them. 

Note: OpenAI’s ChatGPT-4 has been used to review language grammar and readability for this 
manuscript. 
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