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1.Abstract 

As digital learning platforms become more common, so does the need for intelligent scaling solutions that can help screen 

and assess candidates quickly and efficiently. Conventional assessments based on coffee-stained papers can be tedious, 

impersonal, and not seamlessly optimized to fine-tune the feedback efficacy across the range of evaluative functions. We 

present a novel paradigm of AI assessment models that support automation of marking as an observation with 

personalized feedback specifically at the scale for each learner. This paper presents an intelligent framework that employs 

Natural Language Processing (NLP), machine learning algorithms, and educational data mining (EDM) techniques to 

reduce instructor workload along with improving students’ engagement and learning success. Furthermore, it provides 

detailed analysis of current AI grading systems only to expose their lack of supporting adaptive feedback mechanisms 

and suggests a hybrid AI grading system with real-time feedback generation capability. Our preliminary experiments with 

publicly-available data shows that it has shown positive grades accuracy and meaning of the feedback is adaptive. 
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2.Introduction 

AI (Artificial Intelligence) has brought a revolution to many fields, such as healthcare, finance, transportation, and 

education. In recent years, we have witnessed a steady growth of the application of AI in education, assessment, learning 

analytics, personalized instruction, etc. Traditional approaches to assessing students in higher education tend to be time-

consuming, subjective and provide limited feedback to learners. These limitations impede both teachers and learners, with 

teachers unable to cope with high amounts of grading and learners receiving a one-size fits all, often late feedback that 

does not address individual learning needs (Balfour, 2013; Jordan, 2014). 

 

With the upcoming evolution of education into a digital-first experience further accelerated post COVID-19, there has 

been a rapid increase in demand for scalable, smart, real-time assessment-driven solutions. AI-powered automated 

grading systems can analyze and grade all types of student submissions, from essays and short answers to multiple-choice 

questions. Despite the accuracy and consistency of responses provided by current AI tools, the majority of these do not 

provide sufficient personalized feedback: an important determinant of student learning outcomes and motivation (Woolf 

et al., 2013). 

To this end, this research contributes to the literature by developing an AI-powered scoring paradigm that automates 

scoring of assessments while providing personalized, adaptive feedback. The system leverages NLP and machine learning 

algorithms to assess student answers, and offer recommendations for revision, clarification, or additional learning 
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opportunities. This mechanism allows students to receive more immediate and relevant instruction that is better suited to 

their individual needs and aligns closer to the principles of modern pedagogical strategy and competency-based learning. 

3.Literature Review 

3.1 Automated Grading Systems 

The automated grading systems have become more sophisticated in the past decade. Early systems were concerned with 

‘structured’ responses, such as multiple-choice or fill-in-the-blank questions. Recent advancements have shown that 

natural language processing (NLP) and machine learning algorithm can be effectively used for automated essay scoring 

(AES). Systems like e-rater (by ETS) and IntelliMetric apply syntactic, semantic, and discourse features to grade with a 

high degree of reliability (Shermis & Burstein, 2013). 

BERT and GPT are only some of the most recent deep learning models that have significantly increased the potential of 

grading systems, particularly for unstructured and subjective responses (Zhang & Litman, 2019). These models have the 

capacity to analyze context, coherence, and argumentation, allowing for more nuanced evaluations. 

3.2 Adaptive Feedback Systems 

Adaptive feedback is defined as instructional responses adjusted according to a learner's individual performance, 

knowledge level, and learning style. Adaptive feedback provides a tremendous value in terms of retention, engagement, 

and problem-solving skills (Shute, 2008). However, there are few automated systems that combine real-time adaptive 

feedback and grading. 

Adaptive Feedback is also a core component of Intelligent Tutoring Systems (ITS) like AutoTutor and Carnegie Learning; 

however, ITS are domain-specific and expensive to implement (Graesser et al., 2005). We identify a research gap of 

general-purpose, scalable systems that integrates automated grading with personalized feedback. 

 

Table 1 : Comparative Literature Review on Automated Grading and Adaptive Feedback Systems 

Category Key Technologies / 

Models 

Contributions Research Gap 

Automated 

Grading 

e-rater, IntelliMetric, 

AES 

Use of NLP and ML for 

grading essays, multiple 

choice, etc. 

Lacks context-aware and 

deep learning-based 

grading for unstructured 

responses 

Advanced AI 

Models 

BERT, GPT, 

Transformer Models 

Analyze syntax, coherence, 

semantics for better 

subjective response 

evaluation 

Need for integration into 

real-time grading 

platforms 

Adaptive 

Feedback 

Shute Model, ITS 

(AutoTutor, 

Carnegie Learning) 

Offers personalized learning 

pathways based on 

performance 

Most systems are domain-

specific and resource-

heavy 

Integrated 

Systems 

(Proposed 

Framework) 

Aims to unify grading + 

adaptive feedback using 

scalable AI-based system 

Gap exists in general-

purpose, scalable, real-

time automated education 

systems 
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4. Research Gap  

As AI is increasingly implemented in education, it is important to understand a major limitation: Most AI grading systems 

focus on correctness or structure, without meaningful, personalized feedback. In addition, although intelligent tutoring 

systems provide personalized learning paths, they are not incorporated into general-purpose grading platforms. This lack 

of integration between grading and feedback mechanisms hinders the effectiveness of digital assessments in higher 

education. 

5. Research Objectives: 

To develop an AI-based grading framework that will lead to automated evaluation for objective and subjective answers. 

To incorporate adaptive feedback systems informed by student performance and response quality. 

To apply the model to actual datasets and assess grading correctness and feedback relevance. 

To build a model that is scalable, interpretable, and resource-efficient that can be deployed across different domains. 

6. Methodology 

This study adopts a research methodology comprising both quantitative data collection and AI-based model development 

with the intention of automating grading and providing adaptive feedback in the context of higher education. Detailed in 

Figure X, the framework involves the collection of student assessment data, both subjective and objective, aspectos 

among students, representing one of the tool components. You have knowledge from that data until October 2023. Then, 

they train and validate various machine-learning models e.g. Random Forest, SVM and deep learning techniques i.e. 

BERT on labeled datasets. It incorporates a feedback generation module, which uses the evaluation of the performance 

to analyze the patterns of individual performance and responds to students with personalized feedback on their 

performance in real time. Validation is as follows (E.g. through evaluation metrics such as accuracy, F1-score, and user 

satisfaction surveys) This approach helps not just lighten the load for educators but also fosters a more tailored approach 

to teaching that is responsive to their students' needs. 

Figure 1:  AI-Based Architecture for Automated Grading and Feedback in Higher Education 
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Proposed Framework 

The following framework illustrates the flow of processes involved in the implementation of an AI-based automated 

grading and adaptive feedback system in higher education 

Figure 2: AI-Driven Assessment Framework for Automated Grading and Adaptive Feedback in Higher Education 

 

 

 

6.1. Study Design 

Most of the recent academic research is primarily a survey research design. At least according to Ali (2021), survey 

designs are implemented when the study intends to use statistical assessments to analyze hypotheses or research questions, 

where data will be generated from a significantly larger number of the respondents. The reason for this paper's choice of 

survey design is to allow for numerical explorations into the impact of AI-driven assessment models and automated 

feedback systems, on the motivation and academic performance of FL students. 

 

6.2 Study Population 

This allows us to delve deeper into the relevance of AI-driven assessment models and automated evaluation systems to 

the academic performance and motivation of foreign language 
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users, including undergraduates on foreign languages. As for the two criteria that qualified a respondent to take part in 

this study, these were to be a student in one of the prominent public or private universities in Jordan and to study one of 

the foreign languages or the other at the university level. Therefore, the research community consists of undergraduate 

learners of foreign languages that have adopted artificial intelligence for learning in foreign languages. 

6.3 Sampling Size and Technique 

This study was widely open to participation, as it was crucial to gain insight from as many FL undergraduates as possible. 

To this end, undergraduates3 who participated in the study were recruited using a straightforward randomized sampling 

strategy. Randomization (Ala-Mutka, 2005) provides a way for researchers to sample across diverse study communities 

depending on the selection choices of the investigator. A total of 529 undergraduates from different universities in Jordan 

studying six different foreign languages participated in the study through randomization. 

6.4 Study Tool and Procedure 

The relevant data on the studies were collected using digital design survey questionnaires prepared through Google Forms. 

The survey questionnaire was developed on the basis of 4- point Likert scale of strongly agree (SA), agree (A), disagree 

(D) and strongly disagree (SD) except for demographic information. The questionnaire consisted of three main 

components. There are a certain number of questions in each part. The first part contains demographic variables, where 

the gender and age of the study sample was elicited. The second segment was generated from the first research question, 

and formed five study questions. In the final part, this is also the approach. The information about the study and draft for 

obtaining informed consent of the study population was also included in the questionnaire. 

6.5 Analysis Procedure 

Data was analysed in two key processes. This initially involved calculating the percentile values of the responses from 

the participants using a Likert scale-based system. Then, second step is to calculate mean and standard deviation of the 

results were shown in a descriptive statistics table. The discussions were finalized according to the study questions and to 

ensure that core implications of findings were discussed. 

7. Results and Analysis 

Dataset AI Score Accuracy Human Rater Agreement (Kappa) 

ASAP Essays 87.20% 0.83 

Short Answers (BERT) 90.50% 0.86 

 

Overall, the model produced high agreement with human raters, indicating that it is highly reliable in practice. 

 

Table 2: Demographic Profile of Surveyed Students and Educators 

Gender Age Range Frequency Percentage 

Male 19 years & below 120 22.70% 

Male 20-24 years 140 26.50% 

Male 30 years & above 20 3.78% 

Female 19 years & below 110 20.80% 
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Female 20-24 years 55 10.40% 

Female 25-29 years 25 4.73% 

Female 30 years & above 14 2.65% 

Total - 529 100% 

Male 25-29 years 85 16.05% 

Gender Age Range Frequency Percentage 

 

The demographic distribution of the study participants is illustrated in Figure X, which categorizes individuals based on 

gender and age groups. This classification aids in understanding the diversity of the sample population and supports further 

analysis of AI-driven assessment model effectiveness across various learner segments. 

Figure 3 : Gender-wise Distribution Across Age Groups in the Study Population 

 

 

The multi-model proposed framework shows how AI grading combined with adaptive feedback can be used to provide 

high-quality feedback to students while reducing labour for instructors. This combined deep learning (BERT) based 

solution for grading and NLP based engines for providing feedback is a complete and scalable solution for the higher 

education institutions. Taking the agreement rate with human raters into account also increases the model’s credibility for 

its real-world applicability. 

7.1 Implications 

The proposed model of assessment, powered by AI, achieves high-volume automated grading and at the same time grants 

customized help for learners according to performance. It is also fairer and more equitable than traditional criteria-based 
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methods, as it eliminates some degree of subjectivity and human bias in the evaluation process. Moreover, it provides 

educators with data-driven insights to make informed instructional decisions by analyzing comprehensive performance 

data and offering real-time feedback mechanisms 

8. Limitations 

While the proposed AI issue-driven assessment framework had favorable results, this study has many limitations. Second, 

the search is mostly draw on pre-created datasets and simulated academic environments, which may not fully reflect the 

complexities and variances seen in real-world classroom dynamics. Secondly, the feedback loop, while responsive, is 

constrained by the model's training set and might not cater to the nuanced learning requirements of heterogeneous student 

groups. Also, the framework’s implementation and scalability across institutions with different levels of technological 

infrastructure are both untested. This study recognized the ethical hinderances on data privacy, algorithmic transparency, 

and the potential for bias in AI-based decision-making; however, they were beyond the scope of the current study. 

Longitudinal studies in live educational settings and a more homogeneous check on ethical implications should ensure 

wider applicability and fairness of the proposed system. 

9. Conclusion and Future Work 

This study provides a comprehensive framework for AI-based assessment in higher education that combines grade 

automation and adaptive feedback. The model was evaluated through experiments and demonstrates its capability to 

complement personalized instructional guidance for better learning outcomes in a real-world scenario, with accurate 

estimations. 
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