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Abstract

Educational assessment is being reshaped by Artificial Intelligence (AI), which brings smarter, faster, and more
individualized ways to evaluate learning. Many long-used assessment approaches are constrained by problems like slow
responses to students, inconsistent judgment, difficulty handling large volumes, and heavy administrative effort. Smart
assessment solutions powered by Al overcome these obstacles by combining Machine Learning (ML), Natural Language
Processing (NLP), Deep Learning (DL), Learning Analytics, and Computer Vision. With these capabilities, they support
automatic scoring, tests that adjust to the learner, tailored feedback, forecasting through analytics, and ongoing tracking
of student progress. Yet, even with clear benefits, current Al-driven assessment tools still struggle with issues involving
openness, biased outcomes from algorithms, ethical risks, the ability to justify decisions, and protecting data. This study
surveys the present landscape of Al-enabled smart assessment and automated evaluation tools, highlights important gaps
in the literature, and introduces a new model called the Explainable Ethical Multimodal Smart Assessment Framework
(EEMSAF). In one cohesive structure, the model brings together Explainable Al (XAI), governance for ethical Al,
security via blockchain, learning analytics, and assessment across multiple modalities to strengthen openness, equity,
responsibility, and individualized support. A side-by-side comparison shows that EEMSAF performs better than standard
Al-based assessment approaches. The article ends with consideration of emerging directions and research prospects for
intelligent assessment in education.

1. Introduction

Assessment plays a central role in education because it allows educators to judge student performance, determine
learning results, and guide improvements in teaching. Common approaches to assessment—such as teachers grading
homework, tests, and project work by hand—consume significant time and energy. In addition, such approaches
frequently involve uneven judgments, personal bias, slow return of results, and challenges when working with very large
classes.

As digital learning spaces have grown quickly—through MOOCs, LMS platforms, and web-based testing—the need for
assessment tools that are both efficient and able to scale has risen. Artificial Intelligence has become an attractive
approach to these issues by taking over parts of evaluation and producing informed interpretations of how learners are
doing.

Smart assessment tools built on Al rely on methods like machine learning, NLP, deep neural models, computer vision,
and learning analytics to judge student work in many forms, ranging from written responses and short tests to
programming tasks, spoken evaluations, and interactive simulations. They are able to deliver immediate responses,
uncover areas of weakness, track ongoing development, and enable learning paths that adapt to individual needs.

Lately, progress in generative systems and large language models has expanded what automated scoring tools can
accomplish. Al is now able to judge complex thinking, create tailored suggestions, and assist both ongoing checks and
end-of-course evaluations. Still, heavier dependence on Al introduces worries about equity, openness, interpretability,
data protection, and responsible oversight.

This paper offers an extensive survey of Al-driven smart assessment tools and introduces a new framework called
EEMSAF, intended to overcome current shortcomings while encouraging assessment that is reliable and focused on
learners.
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2. Literature Review
Over roughly the last ten years, scholars have increasingly focused on how Al can be used for evaluating learning.

In Alruwais, Wills, and Wald (2018), the authors pointed to advantages of online assessment tools, including greater
efficiency, stronger student involvement, and easier scaling. They underscored that automated marking can meaningfully
lighten teachers’ duties and still deliver prompt responses to learners. At the same time, they indicated that questions
about dependability and sound measurement continue to matter.

Dikli (2006) investigated computerized essay-marking tools and concluded that methods from Natural Language
Processing can assess grammar, word choice, coherence, and overall composition. Even so, the paper reported
weaknesses when judging originality, higher-order reasoning, and understanding of context.

Zawacki-Richter et al. (2019) carried out a structured overview of Al uses in universities and concluded that Al-driven
assessment improves uniformity in grading and offers more individualized learning assistance. Yet they noted that work
on moral considerations and the role of teachers is still relatively sparse.

Holmes, Bialik, and Fadel (2019) argued that Al tools can reshape assessment by enabling tailored feedback and adaptive
learning settings. They also stressed that human supervision must remain part of decisions supported by Al in education.

Luckin (2018) maintained that, in education, Al ought to enhance human capability rather than stand in for it. The writer
emphasized building tools that work alongside teacher knowledge and foster learning that is genuinely meaningful.

Caspari-Sadeghi (2023) surveyed machine-learning uses in digitally supported assessment and reported notable gains in
the correctness of automated marking. However, the review identified systematic bias and limited openness as key
difficulties.

UNESCO (2023) issued broad guidance on using Generative Al across education and research. The document
highlighted openness, equity, safeguarding privacy, accountability, and careful governance of Al.

Gao et al. (2024) produced a systematic review of automated assessment tools and found that deep-learning methods
and large language models surpass older scoring methods when judging complex answers. Still, issues tied to
interpretability and validity were described as not yet settled.

Kaldaras et al. (2024) stressed that Al-centered assessment requires strong ways to confirm performance, especially
given the rise of Generative Al. Their analysis emphasized equity, confidence, and dependability as core needs for next-
generation assessment.

Overall, prior work indicates that Al-driven assessment brings major advantages for efficiency, scaling, personalization,
and predictive analysis. Even so, many existing solutions still do not provide:

* Scoring that can be clearly explained

» Frameworks for ethical oversight

* Tools to identify bias

* Protected audit records for assessments

* Evaluation of learners across multiple modalities
* Decision processes that are transparent

These gaps drive interest in creating a broader, more complete assessment framework.
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3. Proposed Explainable Ethical Multimodal Smart Assessment Framework (EEMSAF)

To address the identified gaps, this paper proposes the Explainable Ethical Multimodal Smart Assessment
Framework (EEMSAF).

Objectives of EEMSAF

Enhance transparency in Al-based grading.

Ensure fairness and bias mitigation.

Support multimodal learner evaluation.

Provide secure and tamper-proof assessment records.

Generate personalized feedback and learning recommendations.

Promote ethical and responsible Al adoption.

Architecture of EEMSAF

The Explainable Ethical Multimodal Smart Assessment Framework (EEMSAF) integrates intelligent assessment,
explainability, ethical governance, blockchain validation, and personalized feedback into a unified architecture.

Architecture of EEMSAF

Student Interaction Layer

Multimodal Data Collaction Layer

Data Processing Layer

Al Assessment Intelligence Layer

l

Explainable Al & Bias Detection Layer

l

Ethical Governance Layer

Blockchain Validation Layer

Personalized Feedback Layer

l

leacher & Student Dashboard Layer

Core Technologies

+ Machine Learning = Natural Language Processing = Deep Learning
*+ Explainakle Al (XAl} = Leaming Analytics + Computer Vision
= Bleckchain Technology = Generative Al

Figure 1. Architecture of the Explainable Ethical Multimodal Smart Assessment Framework (EEMSAF).

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM65362 | Page 3


https://ijsrem.com/

i 2
‘;‘IJSREM

@" International Journal of Scientific Research in Engineering and Management (I[JSREM)

W Volume: 10 Issue: 06 | Jun - 2026 SJIF Rating: 8.659 ISSN: 2582-3930

4. Working of the Proposed Framework
Step 1: Multimodal Data Collection

The system collects data from essays, quizzes, coding assignments, speech recordings, videos, simulations, and LMS
interactions.

Step 2: Data Processing
Raw educational data undergoes cleaning, transformation, feature extraction, and normalization.
Step 3: Intelligent Assessment

The Al Assessment Intelligence Layer evaluates:

. Conceptual understanding
. Writing quality

. Coding skills

. Communication ability

. Problem-solving capability

Step 4: Explainable Evaluation
The XAI module generates detailed explanations for assigned scores.
Example:

Score: 85/100

. Strong conceptual understanding
. Good organization of ideas
. Limited use of supporting examples

Step 5: Bias Detection

The framework continuously evaluates grading decisions to identify potential bias.

Step 6: Ethical Governance

Privacy management, consent verification, and ethical compliance monitoring are performed.

Step 7: Blockchain Validation

Assessment outcomes are stored in blockchain-enabled repositories to create immutable audit trails.
Step 8: Personalized Feedback

The system generates customized recommendations and adaptive learning pathways.

Step 9: Dashboard Visualization

Teachers and students access assessment insights through interactive dashboards.
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5. Comparative Analysis of Existing Systems vs. EEMSAF

Feature Traditional Assessment | Existing Al Systems | Proposed EEMSAF
Automated Grading No Yes Yes
Personalized Feedback Limited Partial Advanced
Explainable Al No No Yes

Bias Detection No Limited Yes
Ethical Governance No Limited Yes
Blockchain Security No No Yes
Multimodal Assessment No Partial Yes
Predictive Analytics No Yes Yes
Adaptive Learning Support | Limited Partial Advanced
Auditability Limited Limited High

The comparison demonstrates that EEMSAF offers a more comprehensive, transparent, and secure assessment
environment than existing systems.

6. Future Trends and Discussion
Several emerging technologies are expected to shape the future of Al-based assessment.
Generative Al-Assisted Assessment

Large Language Models will increasingly support automated question generation, feedback creation, and assessment
design.

Emotion-Aware Assessment

Emotion recognition systems will help identify student engagement, frustration, and motivation levels.
Blockchain-Based Credentials

Blockchain technology will enable secure digital certificates and lifelong learning records.

Predictive Learning Analytics

Advanced analytics will identify at-risk learners and recommend early interventions.

Multimodal Evaluation Systems

Future assessment systems will integrate text, speech, video, coding performance, gestures, and behavioral data.
Human-AlI Collaboration

The future of assessment lies not in replacing educators but in augmenting their capabilities through intelligent decision-
support systems.
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7. Conclusion

Al-based smart assessment and automated evaluation systems are transforming educational assessment by improving
efficiency, scalability, and personalization. Despite significant advancements, challenges related to explainability,
fairness, transparency, ethics, and security remain unresolved. This paper proposed the Explainable Ethical Multimodal
Smart Assessment Framework (EEMSAF), which integrates Explainable Al, Ethical Governance, Blockchain Security,
Learning Analytics, and Multimodal Assessment into a unified architecture. The framework addresses critical limitations
of existing systems and provides a pathway toward trustworthy, transparent, and learner-centered assessment. Future
research should focus on validating the framework through real-world implementations and exploring the integration of
Generative Al with ethical and explainable assessment mechanisms.

References

Alruwais, N., Wills, G., & Wald, M. (2018). Advantages and challenges of using e-assessment. International Journal of
Information and Education Technology, 8(1), 34-37.

Caspari-Sadeghi, S. (2023). Artificial intelligence in technology-enhanced assessment: A survey of machine learning.
Journal of Educational Technology Systems, 51(3), 372-386.

Dikli, S. (2006). An overview of automated scoring of essays. Journal of Technology, Learning, and Assessment, 5(1),
1-35.

Gao, R., Merzdorf, H. E., Anwar, S., Hipwell, M. C., & Srinivasa, A. (2024). Automatic assessment of text-based
responses in post-secondary education: A systematic review. Computers and Education: Artificial Intelligence, 6,
100214.

Holmes, W., Bialik, M., & Fadel, C. (2019). Artificial Intelligence in Education: Promises and Implications for Teaching
and Learning.

Kaldaras, L., Akaeze, H. O., & Reckase, M. D. (2024). Developing valid assessments in the era of generative artificial
intelligence. Frontiers in Education, 9, 1399377.

Luckin, R. (2018). Machine Learning and Human Intelligence: The Future of Education for the 21st Century.
UNESCO. (2023). Guidance for Generative Al in Education and Research.

Zawacki-Richter, O., Marin, V. 1., Bond, M., & Gouverneur, F. (2019). Systematic review of research on artificial
intelligence applications in higher education. International Journal of Educational Technology in Higher Education,
16(1), 39.

© 2026, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM65362 | Page 6


https://ijsrem.com/

