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ABSTRACT: This paper explores the emergence of continuous assessment in the age of artificial 

intelligence (AI) and the creation of adaptive, personalised and data-driven assessment. Continuous 

assessment has been acknowledged for its formative and learning-monitoring features, but practice 

is often constrained by a range of issues, including timely feedback, personalised assessment, 

teacher load, and assessment subjectivity. The paper draws on constructivist learning, mastery 

learning and assessment for learning to develop the use of artificial intelligence (AI) technologies, 

including machine learning, learning analytics and automatic feedback, to address these issues. The 

study demonstrates the development of an AI-Driven Adaptive Continuous Assessment Model 

(AIDACAM), which involves learner data collection, data analysis, adaptive assessment tasks, 

personalised feedback, and data dashboards for teachers. The model facilitates timely feedback, 

adaptive assessment and data-driven learning practises. Moreover, the research explores the 

potential of AI-based assessment, including the benefits of efficiency, feedback and learning 

outcomes, as well as ethical considerations around data privacy, algorithmic bias and fairness. In 

all, the authors conclude that the application of AI technologies has the potential to enhance 

continuous assessment practises if applied with pedagogically and ethically sound approaches. 
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INTRODUCTION 

Assessment remains an important element of the teaching and learning process as it provides 

systematic evidence of the extent to which learning outcomes are achieved. Learning outcome 

measurement is not the only aim of assessment in the educational context; it also provides a basis 

for informing teaching and learning practises, the development and implementation of curricula, 

and institutional policymaking (Calderon et al., 2023). Amongst the many forms of educational 

assessment, continuous assessment has gained popularity in recent years as a form of assessment 

which integrates assessment into the teaching-learning process and not just through final exams. 

Continuous assessment is often used to describe the practise of regular assignments, tests, projects, 

classroom activities, and other forms of formative assessment that measure students' learning over 

time and influence teaching and learning practises (Calderon et al., 2023). In this way, continuous 

assessment intends to better inform the learning and development of learners over a period of time 

and over different phases of their educational careers. 
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Although continuous assessment is a good idea in principle, in practice, continuous assessment has 

been shown to be problematic in many educational contexts. Some of the observations made of the 

shortcomings of traditional continuous assessment practices include: bias in assessment, lack of 

timely feedback, lack of personalised assessment opportunities and the use of standardised 

assessment practises that may not align with the needs of learners' progress and pace (Fynn & 

Mashile, 2022). As such, questions have been raised regarding the role of conventional continuous 

assessment in promoting learning and authentic assessment in a rapidly evolving world. 

Recent advances in artificial intelligence (AI) have opened up opportunities to address these 

challenges in educational assessment. The emergence of new artificial intelligence technologies 

such as machine learning, intelligent tutoring systems, learning analytics and automated feedback 

systems is being incorporated into education in an attempt to support data-driven educational 

practises (Xia et al., 2024). In assessment, AI has the potential to analyse large volumes of data, 

detect learning patterns, offer feedback, automate some aspects of the assessment process and tailor 

assessment tasks to the individual learner's needs and preferences. This could make continuous 

assessment more flexible, adaptive and personalised. 

However, the increasing use of learning systems enabled by AI technologies has implications for 

educational assessment. Students are already collaborating with AI machines to create written work 

and solve problems, and receiving explanations while undertaking learning tasks that potentially 

impact the validity and authenticity of assessment (Francis et al., 2025). In turn, educationalists and 

academics will need to re-conceive how continuous assessment is designed to be relevant, valid and 

provide measures of learning in technology-based learning environments. 

With this in mind, this conceptual paper considers the opportunity to re-think the concept of 

continuous assessment by harnessing artificial intelligence technologies to develop adaptive and 

personalised assessment strategies that can optimise learning outcomes in educational settings. 

Conceptual Clarifications 

The Concept of Continuous Assessment 

Continuous assessment is a systematic, ongoing evaluation of students' learning through tasks 

conducted over time. Rather than opting for a summative assessment, where testing and 

examinations are conducted at the end of a semester or course, continuous assessment is embedded 

within the learning and teaching process, enabling teachers to track students' learning progress. It 

focuses on gathering evidence of students' learning over time, rather than relying only on a major 

examination to determine students' performance (Sanchez-Ruiz et al., 2021). 

Continuous assessment follows a formative assessment philosophy, where assessment tasks are 

seen as activities to encourage learning rather than to assess academic performance. Through 

continuous assessment, teachers can identify learning difficulties, offer feedback, and adjust 

teaching methods to improve students' learning of course content (Vahed et al., 2021). Thus, 
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continuous assessment is known as student-focused assessment, which motivates students and 

promotes learning. 

Continuous assessment is different from exams in several ways. First through continuous 

assessment of student learning throughout the teaching and learning process. Second, it involves a 

range of assessment strategies for assessing different aspects of student learning. Third, it is 

integrated into the teaching and learning process, and the assessment results can inform teaching. 

Finally, continuous assessment focuses on providing feedback known to improve student 

performance (Okunbor & Alordiah, 2025). 

Consequently, continuous assessment can include using different assessment strategies to measure 

different aspects of student learning. These include quizzes and tests that assess knowledge, 

assignments and projects that assess analysis and research skills, presentations that assess speaking 

skills, practical activities that assess procedural knowledge and class participation that assesses 

engagement in learning activities. The use of these different tools and techniques is in an effort to 

evaluate the whole student's learning and development (Rincón et al., 2024). 

Artificial Intelligence in Education 

Artificial Intelligence (AI) in education refers to the use of computer technologies that are capable 

of performing tasks that have previously been considered the exclusive domain of human 

intelligence, such as, for instance, decision-making, reasoning, understanding and processing 

human language and pattern recognition. In recent years, there has been a rise in the use of AI to 

support learning, teaching and assessment (Bahroun et al., 2023). 

There are different forms of AI technologies used in education. These technologies include machine 

learning to recognise patterns in data sets, natural language processing to understand written and 

spoken language, intelligent tutoring systems to personalise teaching and learning, predictive 

analytics to predict student learning outcomes, and automated assessment systems to grade and 

provide feedback to students. AIs are able to process large amounts of data on learners using these 

technologies to provide insights for evidence-based practice in education (Hamal et al., 2022). 

Adaptive Assessment 

Adaptive assessment is a type of assessment in which the difficulty of the tasks is determined by 

the learner's ability level. In adaptive assessment systems, the difficulty of questions is based on the 

learner's success with them. If a learner is successful, it may then provide more difficult tasks; if 

unsuccessful, less (more appropriate for the level of ability) difficult tasks (Choi & McClenen, 

2020). 

Adaptive assessment is used to ensure the difficulty of the tasks and to understand the learner's 

knowledge. Adaptive assessment can increase the effectiveness of the assessment measurements, 

as well as the satisfaction of learners during the assessment process, by adapting the level of 

difficulty of the assessment tasks to the level of performance of the learner. Adaptive assessment is 
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supported by artificial intelligence, as AI algorithms can process the performance of learners in real 

time and select appropriate questions. 

 

Personalized Assessment 

Personalised assessment is the flexibility of assessment practises to meet the different learning 

needs, skills and traits of learners. Personalised assessment is an alternative to standardised 

assessment practises, which use uniform assessment processes to evaluate learners (Halkiopoulos 

& Gkintoni, 2024). 

Personalised assessment can take different forms, such as offering individualised feedback to 

learners, providing different assessment options, offering different assessment tasks, and offering 

flexible time limits for assessment tasks so learners can complete them at their own pace. In this 

way, personalised assessment is considered an effort to provide positive assessment environments 

for learning. 

Artificial intelligence helps personalise assessment, AI analyse big data generated by students' 

learning, and detects patterns in student learning. This information helps the learning platform 

provide the learner with feedback and make recommendations for learning resources and 

assessment tasks that are aligned with the learner's needs (Topping et al., 2025). So, AI-powered 

personalised assessment is an emerging trend in assessment that brings it in line with student-

centred learning. 

Theoretical Foundations 

Understanding the change of continuous assessment in the age of artificial intelligence must place 

the discussion into a context of pertinent theories of learning and assessment. Several theoretical 

perspectives offer important insights into how assessment systems can be useful for supporting 

meaningful learning. Among the greatest frameworks that are related to AI-supported assessment 

are constructivist learning theory, mastery learning theory, and assessment for learning theory. 

These perspectives are in total focus on the idea of learner-centred evaluation, continuous feedback, 

and individual learning pathways. 

The Theory of Constructivist Learning 

The constructivist theory of learning holds that knowledge is not received passively but is actively 

constructed by learners through their interactions with their environment and engagement in 

meaningful learning tasks. Rooted in the works of scholars such as Piaget and Vygotsky, 

constructivism holds that learning occurs when people interpret new information in light of their 

prior knowledge and experiences (Mishra, 2025). From this perspective, assessment should go 

beyond the measurement of factual recall and evaluate learners' capacity to apply, analyse, 

synthesise and evaluate knowledge in authentic contexts. 
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Constructivist-oriented assessment, therefore, focuses on problem-solving, project-based activities, 

reflective learning, and collaborative engagement in which learners are given opportunities to 

demonstrate greater conceptual understanding. In contrast to traditional approaches to testing that 

emphasise correct answers, in constructivist assessment, it is the reasoning processes and 

conceptual development involved in learners' answers that are being examined. 

Artificial intelligence has the potential to reinforce constructivist-oriented evaluation through more 

interactive and authentic assessment experiences. AI-supported learning environments can be used 

to simulate real-world scenarios, create adaptive problem-solving tasks, and offer personalised 

feedback based on student responses. Through the use of technologies such as intelligent tutoring 

systems and learning analytics platforms, AI can analyse learner interactions and help detect 

patterns in the conceptual understanding of students, which can then be used to assess the 

knowledge construction processes in a more meaningful way [Kaldaras et al., 2024]. Consequently, 

AI-based assessment systems align well with the principles of constructivism by promoting 

dynamic, interactive, and learner-centred evaluation practises. 

Mastery Learning Theory 

The premise of mastery learning theory, commonly linked to the work of Benjamin Bloom, is that 

a very large proportion of learners can develop a high level of understanding if they are given the 

right learning conditions and allowed a substantial amount of time to master instructional 

objectives. According to this theory, instruction should be structured in clearly defined learning 

units, and students should demonstrate mastery of each learning unit before moving on to more 

advanced content (Winget, M., & Persky, 2022). 

Within frameworks of mastery learning, incessant evaluation plays a key role in the identification 

of whether learners have achieved the expected degree of competence. Frequent formative 

assessments help educators diagnose learning difficulties and provide corrective instruction as well 

as ensure that students have mastered before moving on. This approach is in contrast to the 

traditional instructional models, where all learners are moving at the same pace regardless of 

differences in comprehension levels. 

Artificial intelligence technologies can play a major role in the implementation of the principles of 

mastery learning. AI-driven adaptive learning platforms can analyse students' performance data and 

adapt instructional content accordingly. When learners show they have mastered a certain concept, 

the system can present more advanced material; and, when learners have trouble, the system can 

offer them extra practise activities or other explanations. By fostering individualised pacing and 

targeted feedback, artificial intelligence (AI)-powered adaptive assessment systems generate 

conditions that come close to the tenets of mastery learning (Alvarez et al., 2025). 

The Theory of Assessment for Learning 

Assessment for learning is a formative approach in which the purpose is to use assessment as a tool 

to support and enhance learning, rather than simply certifying achievement. Within this framework, 
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assessment activities are embedded in the instructional process and designed to provide feedback 

to help students understand their learning progress and identify areas for improvement (Van Orman 

et al., 2024). 

Key features of assessment for learning are continuous feedback, student participation in 

assessment, clear learning goals and use of assessment information to make decisions about 

instruction. Teachers use assessment results to make changes in teaching strategies, whereas 

students use feedback to self-regulate their own learning behaviours (Alordiah, 2025). 

Artificial intelligence technologies, in particular, hold the potential to greatly enhance assessment-

for-learning practices. AI-enabled systems can provide immediate feedback, in-depth performance 

analytics, and personalised learning recommendations based on students' responses to assessment 

tasks. Such capabilities enable learners to receive immediate guidance on their performance, 

increasing opportunities to improve learning outcomes in a timely manner. In addition, learning 

analytics tools can detect patterns in student engagement and achievement, which can then help 

educators intervene more effectively when learners encounter difficulties (Mao et al., 2023). 

Limitations to Traditional Continuous Assessment 

Despite their theoretical benefits, traditional systems of continuous assessment are often 

constrained by practical limitations that limit their ability to contribute to meaningful learning. 

These limitations have become more apparent as educational environments have become more 

complex, as well as technologically mediated. 

Lack of Personalisation 

One major disadvantage with traditional continuous evaluation is the lack of personalisation in 

evaluation practises. In many educational settings, assessment tasks are standard and used for all 

students irrespective of differences in learning abilities, cognitive styles and academic backgrounds. 

Such approaches to uniform evaluation may not accurately reflect the learning progress of 

individual learners and may disadvantage those learners who need differentiated approaches to 

instructional support (Manoharan, 2019). 

Delayed Feedback 

Another challenge related to traditional continuous assessment is the lapse of time for offering 

feedback to learners. In traditional classroom settings, it often takes teachers a long time to grade 

assignments, tests and projects. As a result, students may not receive feedback on an assessment 

task for several days or weeks after completing the task. This delay decreases the effectiveness of 

feedback as a learning tool because students may not remember the reason behind the response or 

may have already moved on to new topics (Ding et al., 2024). 

Teacher Workload 
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Continuous assessment can also create significant pressure on the workload for educators. 

Evaluating many assignments, quizzes, and projects for large numbers of students takes a lot of 

time and effort. Too many grading responsibilities may restrict educators' abilities to give specific 

feedback or construct innovative assessment behaviours, subsequently diminishing the general 

quality of the evaluation procedure (Creagh et al., 2023). 

 

Subjectivity in Evaluation 

Human evaluation processes sometimes introduce subjectivity and bias into evaluation outcomes, 

especially in evaluations that require open-ended responses, such as essays, reports, and 

presentations. Differences in teachers' expectations, grading standards, and the interpretation of 

students' responses can result in inconsistent scoring, thereby affecting the reliability and fairness 

of assessment results (Hauer et al., 2023). 

Limited Data Utilisation 
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Traditional continuous assessment systems are also plagued by a lack of use of learner performance 

data. Although a lot of information is produced by quizzes, assignments, and classroom activities, 

it is rarely systematically analysed to identify patterns in student learning. Consequently, 

meaningful intelligence that can be used to feed into instruction improvement and individual 

support is often underused (Broughan & Prinsloo 2019). 

Figure 1: Comparison Between Traditional Continuous Assessment and AI-Driven Continuous 

Assessment 

Figure 1 compares the traditional and AI-based continuous assessment approaches. Traditional 

assessment is based on standardised fixed tests; feedback is provided manually and takes time; there 

is limited ability to customise; there is a large workload in grading; scores are often subjective; and 

basic tracking. It is mostly teacher-centred and oriented to the end results. In contrast, AI-powered 

assessment is adaptive and dynamic, providing instant automated feedback, personalised 

assessment, and automated grading. It relies on advanced analytics to create data-driven insights 

for more consistent, objective scoring. This approach is interactive, engaging, and learner-centred, 

improving both teaching efficiency and students' learning experiences through continuous, real-

time improvement and better understanding of individual progress. 
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Artificial Intelligence and Changing the Nature of Continuous Assessment 

The rapid development of technologies in artificial intelligence (AI) has had a major impact on the 

design and implementation of educational assessment systems. In the modern learning 

environments, AI enables powerful tools for improving the efficiency, accuracy and responsiveness 

of continuous assessment. By combining the power of machine learning, data analytics, and 

automated decision-making capabilities, AI has made it possible to create more dynamic and 

learner-centric evaluation processes that can adapt to the learning needs of students in real-time 

(Kooli & Yusuf, 2024). 

AI-Supported Automated Grading 

One of the most widely known uses of AI in assessing education is automated grading. AI-powered 

assessment systems can assess objective, structured responses such as multiple-choice questions, 

short answers, and some written responses with high accuracy. Natural language processing 

technologies enable AI systems to process natural-language submissions and create initial 

evaluations based on preset scoring criteria. Automated grading is a major game-changer in the 

process of continuous assessment, saving educators much time and work tied to it to focus on 

instructional tasks and personalised student support (Deepshikha, 2025). 

Real Time Learning Analytics 

AI technologies also make it easy to use learning analytics as a way of monitoring student progress. 

AI-driven educational platforms can monitor the learners' interactions with the digital educational 

environments, analyse patterns in the learners' engagement and performance, and pinpoint areas 

where the students might need additional support. Real-time learning analytics allow educators to 

gain insights into students' strengths and weaknesses for timely instruction and intervention, as well 

as better educational decision-making (Leong, 2025). 

Proactive Intelligent Feedback Systems 

Another revolutionary power of AI when it comes to continuous assessment is intelligent feedback. 

Traditional assessment systems provide little timely feedback due to the time taken to grade the 

test. In contrast, AI-powered systems can have immediate feedback as learners submit their work, 

and highlight mistakes, explain them, and suggest learning resources. Immediate feedback helps 

students reflect on their mistakes and deepen their understanding during the learning process 

(Xavier et al., 2025). 

Mechanisms of Adapting the Test 

AI-based adaptive testing systems adjust the difficulty of test questions based on the learner's 

performance. When a student answers questions correctly, the system asks harder ones, and when 

errors are made, it introduces easier ones. This is an adaptive mechanism that enables assessment 
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tasks to be appropriately challenging and enhances measurement accuracy (Mahamuni & Tonpe, 

2024). 

Prognostic Models for Assessments 

AI technologies are also being used to develop predictive assessment models that look at past 

learning data and predict how a student will perform in the future. By analysing patterns in past 

assessments, participation levels, and learning behaviours, AI systems can identify students at risk 

of difficulties in certain subjects and suggest interventions (Jiao et al., 2022). Such predictive 

capabilities allow educators to implement proactive strategies that will boost student success. 

Proposed Conceptual Framework: Artificial Intelligence-Based Adaptive Continuous 

Assessment Model 

To address the shortcomings of traditional Continuous Assessment and explore the possibilities of 

artificial intelligence, this paper introduces a conceptual framework called the AI-Driven Adaptive 

Continuous Assessment Model (AIDACAM). The model conceptualises continuous assessment as 

a dynamic, data-driven process in which data about learners are collected, analysed, and used to 

create adaptive assessment tasks and personalised feedback on an ongoing basis. The framework 

incorporates artificial intelligence, learning analytics, and instructional decision-making into a 

single framework that supports both student learning and teacher effectiveness. 

The model comprises five interrelated components: Learner Data Collection, Learning Analytics 

Engine, Adaptive Assessment System, Personalised Feedback Mechanism, and Instructor 

Dashboard. 

 

 

 

 

 

 

Conceptual Structure of the Framework 
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Figure 2: Conceptual framework of the AI-Driven Adaptive Continuous Assessment Model 

(AIDACAM) 
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Learner Data Collection 

The first component of the model in Figure 2 is the systematic collection of learner data that are 

generated during instructional and assessment activities. Modern digital learning environments 

generate vast quantities of data that can be used to gain insights into students' learning behaviours. 

Data sources can include quiz performance, assignment turn-in, interaction with learning 

management systems, involvement in collaborative learning activities, and time spent working on 

instructional tasks. These data serve as the basis for the analysis and decision-making process based 

on artificial intelligence (Lopez-Meneses et al., 2025). 

Learning Analytics Engine 

The second part of the framework is the learning analytics engine, which is the core artificial 

intelligence system that is responsible for processing and interpreting learner data. Machine 

learning algorithms take student performance, engagement, and learning behaviour patterns to 

understand the strengths, weaknesses and possible gaps in learning. Through predictive analytics 

and pattern recognition, the system can generate insights that inform both the design of assessments 

and the delivery of instruction (Kasneci et al., 2023). 

Adaptive Assessment System 

The adaptive assessment system uses the information that the learning analytics engine produces to 

dynamically modify assessment tasks based on the competence level of students. Instead of giving 

all learners the same assessment tasks, the system adjusts the difficulty of the questions, the 

complexity of the tasks, and the assessment pathways based on the performance of each learner. 

This approach to assessment is an adaptive mechanism that should ensure that it is appropriately 

challenging while providing more accurate measurement of student learning (Van der Linden & 

Glas, 2023). 

Individualised Feedback Mechanism 

Another important part of the model is the personalised feedback mechanism. Based on the analysis 

of the learner performance data, the system creates individualised feedback aimed at learning 

improvement. Feedback may include explanations of incorrect responses, suggestions for further 

learning resources, suggestions for practise activities, and suggestions for areas that need further 

attention. Immediate and targeted feedback helps to increase the metacognitive awareness of the 

students and facilitates self-regulated learning (Rudolph, Tan, & Tan, 2024). 

Instructor Dashboard 

The last element in the framework is the instructor dashboard, which gives educators visualised 

analytics about the learning progress of students. Through interactive data dashboards, teachers 

have access to information including performance trends, engagement levels, learning gaps and 
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predictive risk indicators. These insights help educators to make informed instructional decisions, 

tailor interventions and offer extra help to learners who need it. 

Overall, the AI-Driven Adaptive Continuous Assessment Model describes assessment as an 

intelligent, data-supported ecosystem that continually links learner performance, analytics, 

feedback and instructional decision-making. By integrating artificial intelligence in continuous 

assessment systems, educational institutions have the opportunity to shift towards more responsive, 

personalised, and effective assessment practises that are able to improve the learning outcomes of 

students in different educational levels. 

Opportunities Offered by Continuous Assessment Based on AI 

The implementation of artificial intelligence (AI) in continuous assessment systems has presented 

major opportunities for revolutionising the way student learning is assessed and supported. AI 

technologies enable assessment processes to become more dynamic, responsive and learner-centred 

by using large amounts of data on education to inform decision-making. Rather than being mere 

instruments of grading, AI-enabled assessment systems are becoming increasingly important tools 

that can be converted into intelligent learning support mechanisms with the ability to improve the 

quality of feedback and instruction and facilitate greater engagement in learning (Chen et al., 2024). 

Several important opportunities are created by adoption of AI-driven continuous assessment in 

education environments. 

Enhanced Feedback Systems 

One of the most important benefits of AI-based continuous assessment is the ability to provide 

improved and timely feedback to learners. In traditional assessment environments, feedback often 

reaches students long after task completion due to the time spent grading and evaluating. AI-

powered assessment systems can analyse student responses in real time and provide automated 

feedback, highlighting errors, explaining them, and suggesting learning resources for improvement. 

Immediate feedback is an important component in supporting formative learning because it helps 

students to identify their misconceptions and adjust their learning strategies in real time (Alordiah 

& Okoro, 2018; Ajogbeje, 2023). Furthermore, AI systems can also be used to give more detailed 

feedback than traditional grading methods by analysing patterns across multiple learning activities 

and identifying recurring conceptual challenges. 

Data-Driven Instruction 

Another large opportunity linked to AI-supported continuous assessment is the encouragement of 

data-driven instructional decision-making. AI systems have the ability to gather and process large 

amounts of data about learners generated by quizzes, assignments, digital learning platforms, and 

in-class interactions. Through the application of learning analytics techniques, these systems can 

identify patterns in students' performance, engagement, and learning behaviours. The insights 

obtained from such analyses provide teachers with very useful information about areas where 

students have difficulties and topics that require additional teaching attention (Bhandari & 
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Kshetree, 2024). By helping educators make instructional choices based on empirical evidence 

instead of intuition alone, AI-supported analytics are part of more targeted and effective teaching 

strategies. 

Personalised Learning Experiences 

AI-driven continuous assessment also facilitates the creation of personalised learning experiences 

that accommodate the diversity in the ability, learning styles, and academic requirements of the 

learners. Traditional assessment approaches often use one-size-fits-all evaluation tasks, and the 

teacher is not sensitive to each student's learning journey. In contrast, AI systems can analyse 

individual performance patterns and customise assessment activities accordingly. Adaptive 

assessment mechanisms adjust the difficulty of questions and learning paths, as well as feedback 

recommendations, to each learner's progress. Such personalisation helps to make assessment tasks 

sufficiently challenging without being meaningless or unchallenging in terms of the opportunities 

it offers for growth (Naseer et al., 2024). Personalisation of assessment systems also fosters learner 

autonomy in that students take on self-regulated learning processes. 

Increased Efficiency of Assessment 

AI technologies are a major factor in increasing the efficiency of continuous assessment systems. 

Automated grading tools save time and effort spent grading assignments, tests, and quizzes, 

reducing the burden on teachers, who often need to grade large volumes of work. Natural language 

processing technologies can evaluate some written responses, while machine learning algorithms 

can process structured responses with high accuracy. As a result, educators can focus more on 

designing meaningful learning activities, offering mentorship, and supporting student development 

(Botelho et al., 2023). Increased efficiency also allows educational institutions to carry out 

continuous assessment on a larger scale without sacrificing the quality of the evaluation. 

Improved Learning Outcomes 

The combination of timely feedback, personalised learning pathways and data-informed instruction 

ultimately contributes to improved learning outcomes. AI-supported continuous assessment 

systems establish learning environments in which students receive ongoing guidance and 

opportunities for improvement. When learners receive immediate feedback and receive adaptive 

support, they are also more likely to correct their misunderstandings in time and gain deeper 

conceptual understanding. Empirical studies in AI-supported education environments suggest that 

adaptive assessment technologies can help improve student engagement, motivation and academic 

performance (Oji & Alordiah, 2024; Yaseen et al., 2025). Consequently, AI-based continuous 

assessment has significant potential to enhance the effectiveness of education across multiple levels 

of schooling. 

 



African Journal of Social and Behavioural Sciences (AJSBS) 

Volume 16, Number 3 (2026) ISSN: 2141-209X 

A Double-Blind Peer Reviewed Journal of the Faculty of Social Sciences, Imo State University, Owerri, Nigeria.   886 

 

 

 



African Journal of Social and Behavioural Sciences (AJSBS) 

Volume 16, Number 3 (2026) ISSN: 2141-209X 

A Double-Blind Peer Reviewed Journal of the Faculty of Social Sciences, Imo State University, Owerri, Nigeria.   887 

 

 

Figure 3: AI Assessment Tools and Their Educational Implications 

Figure 3 gives a brief look at some of the important AI assessment tools and their implications for 

education, and how such technologies could revolutionise teaching and learning. Automated 

Grading Systems Automated grading systems take advantage of machine learning algorithms to 

grade a structured response, which will allow faster, more consistent grading, freeing up teachers 

to focus on higher-order instruction tasks. Learning analytics platforms are used to collect data and 

analyse the students' data to understand the engagement patterns and performance trends of the 

students, enabling educators to take data-driven interventions and give support to students who may 

be struggling with their studies. Adaptive testing systems adjust difficulty levels based on the 

system's assessment of the student's performance and ensure that testing is appropriately 

challenging and accurately reflects student competence. Intelligent feedback systems provide 

instant and tailored feedback, resulting in continuous improvement and reinforcement of learning. 

Predictive analytics models help identify students who are at risk of failing and can then be seen to 

intervene with in order to increase retention and success. Finally, content recommendation systems 

aided with AI foster personalised learning content and allow students to follow unique learning 

paths leading to mastery while fostering more effective, self-directed learning experiences. This 

table shows a visualisation of the integration of AI in education, both evaluative and instructional, 

which includes the potential of AI to improve learning outcomes. 

Challenges and Ethical Issues 

Despite the great opportunities that come with AI-based continuous assessment, the process of 

incorporating artificial intelligence into educational assessment systems also brings along a number 

of challenges and ethical issues. Addressing these issues is critical to ensuring that AI technologies 

are used to support equitable, transparent, and responsible assessment practices. 

Algorithmic Bias 

One key challenge is the potential for bias in algorithmic AI assessment systems. Machine learning 

algorithms are trained on historical datasets, and if these datasets are biased or disproportionate, the 

resulting AI models may be biased. In educational contexts, biased algorithms may disadvantage 

some groups of students by making inaccurate predictions about their performance or unfair 

decisions about their grades (Boateng & Boateng, 2025). Ensuring fairness and transparency in AI 

algorithms and in AI-based assessment systems, therefore, becomes a key issue in the development 

of such systems. 

Data Privacy and Security 

AI-supported continuous assessment relies to a large extent on the collection and analysis of large 

volumes of learner data. These datasets often contain sensitive information related to students' 

academic performance, behavioural patterns and engagement levels. Without the right safeguards, 

the storage and processing of such data could lead to privacy violation concerns and unauthorised 
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access. Educational institutions must therefore have robust data protection measures in place to 

ensure that student information is kept confidential and secure (Folorunso et al., 2024). 

 

Over-reliance on Technology 

Another potential challenge with AI-ordered assessment systems is the threat of excessive reliance 

on technology. While AI can be used to assist in the evaluation process of education, over-reliance 

on automated systems may diminish the importance of professional judgment in evaluation 

processes. Teachers are key to interpreting student performance, understanding the contextual 

elements of learning, and providing emotional support that technological systems cannot replicate 

in detail. Maintaining an appropriate balance between the power of human expertise and the aid of 

technology is therefore key to effective educational evaluation. 

Equity and Access to AI Tools 

The implementation of technologies that support AI-based assessment might also cause concerns 

about equity and access. Educational institutions with limited technological infrastructure may have 

a hard time implementing sophisticated AI systems, which could also lead to a widening disparity 

between well-resourced and under-resourced educational institutions. Students living in areas of 

the world with limited internet access or digital resources may be disadvantaged in AI-supported 

learning environments (Kim & Danilina, 2025). Addressing these inequalities requires policy 

interventions that aim at providing equitable access to digital technologies. 

Teacher Digital Competence 

The effective use of AI-driven assessment systems certainly relies heavily on the digital competence 

of the teachers. Educators will need the skills needed to interpret learning analytics data, manage 

AI-supported platforms, and incorporate the technology tools into instructional practice. Without 

proper training, it may be challenging for teachers to make the most out of the capabilities of AI-

based assessment systems. Professional development programs focused on improving teachers' 

digital literacy are thus a necessary part of the successful integration of AI in education. 

Step-by-Step Guide for Implementing the AI-Driven Adaptive Continuous Assessment Model 

Table 3: Step-by-Step Implementation of the AI-Driven Adaptive Continuous Assessment 

Model (AIDACAM) 

Implementation 

Stage 

Key Activities Expected 

Educational 

Outcomes 

Potential 

Challenges 

Strategies for 

Overcoming 

Challenges 

1. Establish 

Digital 

Teachers adopt 

learning 

management systems 

Creation of a 

digital ecosystem 

where learning 

Limited 

technological 

infrastructure, 

Begin with simple 

platforms, provide 

institutional ICT 
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Assessment 

Infrastructure 

(e.g., Moodle, 

Canvas, Google 

Classroom) and AI-

supported learning 

platforms to host 

instructional 

materials, 

assessments, and 

student interactions. 

activities and 

assessment data 

can be 

automatically 

recorded and 

analysed. 

lack of 

institutional 

support, and 

inadequate 

teacher digital 

skills. 

support, organize 

teacher 

professional 

development 

workshops on 

digital assessment 

tools. 

2. Design 

Continuous 

Digital 

Assessment 

Activities 

Teachers develop 

frequent formative 

assessments such as 

quizzes, 

assignments, 

reflective journals, 

projects, and peer 

assessments aligned 

with learning 

objectives. 

Continuous 

monitoring of 

student progress 

and improved 

alignment 

between 

assessment and 

learning 

outcomes. 

Increased 

workload in 

developing 

multiple 

assessment tasks 

and maintaining 

assessment 

quality. 

Utilise AI-

generated question 

banks, reuse 

existing 

assessment 

materials, and 

apply automated 

grading tools for 

objective 

assessments. 

3. Implement 

Learner Data 

Collection 

Student interactions 

with learning 

systems are captured 

through quiz scores, 

assignment 

submissions, 

participation levels, 

time spent on 

learning tasks, and 

engagement with 

digital materials. 

Generation of 

comprehensive 

learner 

performance 

datasets that 

enable detailed 

learning analysis. 

Concerns 

regarding data 

privacy, data 

misuse, and 

ethical 

management of 

student 

information. 

Use secure 

institutional 

platforms, 

establish data 

protection policies, 

inform students 

about data usage, 

and ensure 

compliance with 

ethical research 

standards. 

4. Utilise AI-

Based Learning 

Analytics 

AI algorithms 

analyse collected 

data to identify 

patterns in student 

learning behaviour, 

engagement levels, 

and conceptual 

difficulties. 

Teachers obtain 

actionable insights 

into student 

learning progress 

and instructional 

effectiveness. 

Difficulty 

interpreting 

complex 

analytics 

dashboards and 

limited teacher 

data literacy. 

Provide training 

on learning 

analytics 

interpretation and 

encourage 

collaboration with 

instructional 

technology 

experts. 

5. Introduce 

Adaptive 

Assessment 

Mechanisms 

AI-supported 

systems dynamically 

adjust the difficulty 

level of assessment 

questions according 

to student 

performance. 

More accurate 

measurement of 

student 

competence and 

improved 

personalisation of 

assessment 

experiences. 

Potential 

algorithmic bias 

and overreliance 

on automated 

assessment 

decisions. 

Maintain teacher 

oversight, 

periodically 

review automated 

results, and ensure 

fairness in 

algorithmic 

evaluation 

processes. 
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6. Provide 

Personalised 

Feedback 

AI-generated 

feedback offers 

individualised 

guidance, 

highlighting errors, 

suggesting learning 

resources, and 

recommending 

improvement 

strategies. 

Faster learning 

improvement 

through 

immediate and 

targeted feedback. 

Risk that 

automated 

feedback may 

lack contextual 

depth or reduce 

teacher-student 

interaction. 

Combine AI-

generated 

feedback with 

teacher 

commentary and 

encourage 

reflective dialogue 

between teachers 

and learners. 

7. Use Instructor 

Dashboards for 

Decision-Making 

Teachers analyse 

visualised learning 

analytics to monitor 

class performance, 

identify struggling 

learners, and modify 

teaching strategies 

accordingly. 

Data-driven 

instructional 

practices that 

enhance learning 

effectiveness and 

early intervention 

for at-risk 

students. 

Teachers may 

feel 

overwhelmed by 

large volumes of 

analytics data. 

Focus on key 

indicators initially 

and provide 

professional 

training in 

educational data 

interpretation. 

8. Promote 

Responsible AI 

Use Among 

Students 

Teachers educate 

students on the 

ethical use of AI, 

academic integrity, 

and responsible 

engagement with AI-

assisted learning 

tools. 

Development of 

responsible digital 

learners capable 

of using AI 

technologies 

ethically. 

Risk of 

academic 

dishonesty and 

excessive 

reliance on AI 

tools for 

completing 

academic tasks. 

Introduce AI 

literacy education 

and establish 

institutional 

policies regarding 

ethical AI use in 

learning 

environments. 

9. Evaluate and 

Improve the 

Assessment 

System 

Teachers 

continuously review 

assessment 

outcomes, gather 

student feedback, 

and refine AI-

supported 

assessment practices. 

Continuous 

improvement of 

the assessment 

system and 

enhanced 

alignment with 

educational goals. 

Resistance to 

change and 

limited 

institutional 

support for 

innovation. 

Promote 

collaborative 

professional 

learning 

communities and 

institutional 

policies supporting 

educational 

innovation. 

The successful implementation of the AI-Driven Adaptive Continuous Assessment Model requires 

balancing technological innovation and good pedagogy. While the use of artificial intelligence 

provides a whole range of powerful tools to improve the efficiency, personalisation, and data-driven 

approach of assessment and instruction, human judgment is fundamental to ensuring fairness, 

ethical responsibility, and meaningful learning experiences. 

When teachers take a gradual and reflective approach to implementation, artificial intelligence-

driven promotions for continuous assessment can dramatically improve how we evaluate education 

by turning assessment into a continuous process that supports learning, rather than simply judging 

learning. 
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Implications of Educational Practice 

The transformation of continuous assessment through artificial intelligence has important 

implications for educators, curriculum developers, policymakers and students. This required 

teachers to develop digital assessment literacy that will help them make good use of AI-based tools 

for monitoring student learning. This involves understanding learning analytics, interpreting 

performance data, and using adaptive assessment platforms to support instructional decision-

making. Curriculum developers must include strategies for integrating AI into the assessment 

framework. Learning outcomes should focus on competencies such as critical thinking, problem 

solving, or digital literacy, which can be properly assessed in AI-supported assessment systems. 

Educational policymakers need to set the regulatory structures for the ethical and responsible use 

of artificial intelligence in assessment. Policies should cover issues such as data protection, 

algorithm transparency, and equitable access to AI technologies. Students must be led to use AI 

technologies responsibly and ethically. Educational institutions, on their part, should encourage 

digital ethics, academic integrity, and critical awareness of AI tools so that learners make use of 

these technologies as supports to their learning, rather than as shortcuts to academic work. 

Conclusion 

The introduction of artificial intelligence for continuous assessment systems is a radical change in 

the evaluation of education. AI technologies provide opportunities to create adaptive, personalised, 

and data-driven assessment environments that can improve the quality of feedback delivery, 

facilitate instructional decision-making, and support learning improvement. At the same time, 

attention must be paid to ethical issues, technology equity, and the professional development of 

educators to ensure the successful implementation of AI-based assessment. By embracing balanced 

strategies that integrate technological innovation with sound pedagogical principles, educational 

institutions can unlock the potential of artificial intelligence to develop more responsive and 

effective assessment systems to shape the future of learning. 

Recommendations 

i. Integrate AI-based assessment tools gradually within existing educational systems.  

ii. Provide continuous professional development to enhance teachers’ digital and data literacy.  

iii. Establish clear ethical guidelines addressing data privacy, security, and algorithmic fairness.  

iv. Combine AI-driven assessment with human judgment to maintain validity and contextual 

understanding.  

v. Invest in digital infrastructure to ensure equitable access to AI-supported learning 

environments.  

vi. Promote the use of adaptive and personalized assessment strategies to support diverse 

learners.  

vii. Encourage the use of learning analytics for data-driven instructional decision-making.  

viii. Develop institutional policies that support responsible and transparent AI implementation.  

ix. Foster student awareness of ethical AI use and academic integrity.  



African Journal of Social and Behavioural Sciences (AJSBS) 

Volume 16, Number 3 (2026) ISSN: 2141-209X 

A Double-Blind Peer Reviewed Journal of the Faculty of Social Sciences, Imo State University, Owerri, Nigeria.   892 

 

 

x. Support ongoing research to evaluate the effectiveness and impact of AI-driven assessment 

systems.  
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