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Abstract: In the rapidly evolving landscape of higher
education, the integration of artificial intelligence (AI) into
assessment methods presents a transformative potential for
grading systems. This paper delves into the development and
efficacy of an Al-based automated grading system tailored for
open book examinations—a format increasingly adopted in
higher education due to its reflection of real-world
problem-solving skills. By leveraging advanced machine
learning algorithms and natural language processing
techniques, the proposed system automates the grading
process, aiming to enhance objectivity, reliability, and
scalability in assessments. We present a comprehensive
architecture of the system, including algorithmic design,
implementation methodologies, and mathematical
underpinnings essential for processing and evaluating complex,
open-ended student responses. Initial trials and evaluations
demonstrate a promising alignment of automated grading
results with human expert assessments, highlighting the
system's potential to significantly reduce grading time while
maintaining high accuracy and fairness. Furthermore, this
study explores the implications of integrating such Al-based
systems into the broader educational assessment framework,
considering factors like academic integrity, pedagogical
effectiveness, and the shifting dynamics of student-teacher
interactions. Through this exploration, the paper contributes
valuable insights into the future of assessment in higher
education, underscoring the pivotal role of AI in shaping

equitable, efficient, and forward-thinking educational
practices.
Keywords—  Artificial Intelligence in Education,

Automated Grading Systems, Open Book Examination,
Educational Assessment Technologies, Machine Learning in
Grading.

1. INTRODUCTION

The domain of higher education has perennially
grappled with the dual challenges of ensuring both the
quality and efficiency of student assessments. Traditional
examination and grading systems, while serving as the
cornerstone of academic evaluation, often fall short in
addressing these challenges, particularly in the context of
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scalability, objectivity, and inclusivity. The advent of open
book examinations, which allow students to refer to their
notes, textbooks, and other resources during tests, seeks to
mitigate some of these challenges by better mimicking the
real-world application of knowledge. However, this
examination format introduces complexities in grading,
necessitating nuanced understanding and evaluation of
student responses that go beyond mere recall to include
analysis, synthesis, and application of knowledge [1].

The integration of Artificial Intelligence (AI) into the
educational sphere offers a promising avenue to overcome
these grading complexities. Al-based automated grading
systems, powered by advancements in machine learning
(ML) and natural language processing (NLP), present a
novel approach to assessing student performance in open
book examinations. These systems are designed not only to
automate the grading process but also to enhance its
fairness, accuracy, and efficiency by leveraging the
capabilities of Al to process and evaluate vast amounts of
data at an unprecedented scale [2].

The premise of employing Al in educational assessments
stems from its potential to provide personalized feedback,
adapt to diverse learning contexts, and manage the logistical
challenges associated with large-scale assessments. In open
book examinations, where the assessment focuses on the
application of knowledge, Al systems can analyse the depth
of understanding and the application of concepts in students'
responses, thereby offering a more nuanced and
comprehensive evaluation than traditional grading methods
[3]. This capability is particularly critical in higher
education, where the diversity of subjects and the
complexity of concepts demand sophisticated assessment
mechanisms.

Moreover, the scalability of Al-based systems addresses
a significant challenge in higher education: the growing
student populations and the corresponding increase in the
volume of assessments. Traditional manual grading is
labour-intensive and time-consuming, often leading to
delays in feedback and potential inconsistencies in grading
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standards. Automated grading systems, on the other hand,
can process examinations quickly and consistently,
providing timely and constructive feedback to students and
freeing up educators to focus on more personalized and
interactive aspects of teaching [4].

However, the adoption of Al in grading also raises
important considerations regarding fairness, transparency,
and the potential for bias. Ensuring that AI algorithms are
equitable and free from biases that could affect grading is
paramount. We shall implement an extensive testing of the
algorithms and we shall actively adjust and fine-tune them
in order to effectively make sense of and measure student
expressions presented in different forms and richness.
Further to this, there is the question related to the lack of
transparency of grading algorithms, in addition to the
possibility of a human observation, which is all required to
ensure trust in the automatic processes. The revolution of
Al-based e-education for the open-book exam is a
combination of technological development to the
educational area, where instructors and the Als can provide
the most effective method for evaluating the educational
process. These systems are believed to play the role of both
introducing a higher level of proficiency and making the
process of assessments more accurate. In addition, they may
bring about changes in the concept of exams from the means
of clarifying information to that of applying the knowledge.

This paper seeks to investigate the nature and character
of Al-guided automated grading systems so that light can be
shed on the potential of this technology to transform
assessment practices in VTE. The study draws upon an
in-depth assessment of the technology’s advantages facets
and implications in the quest to enrich the arena of
education which now is tech-linked and the results of the
research echo the sympathy of Al technology and pedagogy.

11. LITERATURE SURVEY

The nature of education assessment is undergoing a
massive shift driven by artificial intelligence (Al)
technologies that plays a role in this process. This
development has made many conjectures about the ability of
autonomous systems to bring in revolution in the classical
methods of grading, in particular in the examination with
open books. The evolution of these systems from
uncomplicated unidirectional algorithms to intelligent
machine learning (ML) systems is an important turning
point, demonstrating increased precision, efficiency, and
fairness in assessment compared to traditional manual
grading methods [6]. While Thompson and Lee [7]
demonstrate the difficulties in automated grading when it
comes to open-ended responses in particular, the early
research makes it clear that this type of assessment might
lack in accuracy. One of their findings was that these
techniques focused mostly on keyword matching which,
though useful for simple factual questions, was weak for
more complex and subtle answers that are similar to those in
open book exam. The progress to more sophisticated ML
models as described in Gupta and Srinivasan's [8] is really a
significant improvement that allows systems to not only
recall but also analyze context, imply meanings, and assess
the utilization of knowledge.

NLP is the technology that has been the skeleton of this
transformation process. Patel et al. studies, specifically,

point out how NLP enhances the in-depth analysis of written
answers by utilizing the methods of sentiment analysis,
semantic analysis, and syntax analysis which allow for
students' written answers to get graded with the level of
sophistication not attainable before. These advancements
address one of the most significant challenges in automated
grading: the feed back-wardity of many assessment criteria,
which is immanent for the humanities and social sciences,
as interpretation and argumentation play the place of the
ultimate.

Besides, it is important to take into account the
deploying of AI grading systems that will be based on
fairness and mitigation of biases. The ethical critiques
provided by O'Neill [10] discuss the weaknesses of Al in the
educational sector and the possibility of the biases learned in
training data being replicated. On the other hand, smart
research in algorithm design that is biased towards the
fairness-aware Al machine learning and transparent models
have been put forward to ensure fair grading measures.
Hernandez and Roberts [11] focus on the topic of building
such techniques. They stress the necessity of a wide, diverse
and representative training datasets for reducing bias and
using periodic audits.

The empirical studies that compare the Al and human
grading also enrich the findings of Al-based grading
systems in open book examinations and point out to the
effectiveness of Al-based grading. The work of Singh and
Gupta [12][13] does not only unveil a perfect correlation
between AI-G generated grades and their human educators
counterparts. Instead, it ways to and confirms the credibility
of these systems. The fact is, they indicate a possibility of
the Al to offer granular, actionable insights to the student in
many ways more than mere assessment. Nevertheless, the
text too refers to the remaining issues and gaps with regard
to this topic. These include ensuring that Al
decision-making processes adhere to ethical standards and
transparency, facilitating teacher and student education on
using these advanced technologies, and the continuous
discussion on the inclusion of Al in areas where subjectivity
is very dominant. The choice between the machine
efficiency and human intelligence lie in the area of study, in
which Anderson and Kumar [14][15] suggested that a
hybrid system that take advantages of both Al and human
intelligence is the suitable approach.

I1I1. PROPOSED SYSTEM

This Al-based automated grading system targets to
usher in a new wave in the process of assessment for open
book examination forms in higher education. At its core, the
underlying initiative is the invention of a highly
sophisticated grading algorithm driven by sophisticated
NLP techniques and ML models, like BERT (Bidirectional
Encoder Representations from Transformers). The system's
design emphasizes the exact evaluating responses of
students which requires not only facts memory but using
that knowledge to solve problems by applying, analyzing,
and synthesizing. One of the project's facets involves saving
an extensive data on the exam answers annotations, which
are used to build the models in order to train and fine-tune
the AIL. While fairness plays a crucial role, bias elimination
is pursued using bias mitigation techniques, i.e.,
fairness-aware machine learning practices to decrease the
probability of discrimination during grading. The system is
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anticipated to increase markedly the grading effectiveness
and accuracy. As a result, the students should be promptly
informed about crucial aspects to be improved through the
feedback, creating a fair and equitable evaluation process.
This project cycles through a novel method of examining
teaching, which is by using state-of-the-art Al technologies
to grapple with the conventional problems of marking
open-text (book) assessments.
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Fig.1: Al based Automated Grading System.

A. Data Preparation:

The necessary step of data preparation that forms the
foundation for the ability of the AI- based automated
grading system for open book examinations to accurately
and fairly assess students’ responses is a critical component.
This step involves several sub-processes: gathering data,
tagging it, preprocessing it and enlarging the training set in a
way that the models are trained on quality, diversified and
representative datasets.

Firstly, Data collection is commenced with the collection of
examinations scripts of the open book type from many
subjects and various levels of education. The diversity is a
paramount factor for training a model that will be able to
assess responses that come from different fields with
different cultural and intellectual depths. Data collected has
variety of responses; from single words to whole
paragraphs. This is in consideration of the fact that open
book examination include different question formats. Post
collection, annotation is carried out in a highly specific
manner by subject matter experts (SMEs) and trained
teachers who use a strict grading guide. This rubric requires
the students to provide answers through aspects like
comprehension, critical thinking, application of principles
and also the coherence of reasoning. By the means of this
approach each response gets a numerical score and is
annotated with the feedback that explains the advantages
and disadvantages. This annotated set offers the AI models
training set at the same time constitutes a benchmark for the
system to compare it performance against the accurate
grading.

Data preparation is removing noise and snapping it into the
shape which are beneficial for training AI models. This step
will be implemented by ensuring anonymity of data,
standardizing the input format, correcting spelling and
grammatical errors, and segmenting input into small and
manageable tokens. Furthermore, the data is converted into
numerical forms that can be processed by the Al models

first by natural language processing techniques including
tokenization, stemming, and lemmatization among others.

Data augmentation methods are being utilized with the aim
of multiplying the input dataset and, as a result, improving
the quality and overall performance of the model. It includes
but is not limited to paraphrasing, producing
machine-generated answers through back-translation
methods, and applying NLP models for creating responses
which maintain the original meaning but differing in the
phrasing and way it is structured. The mechanism is
self-learning and this is why it can cope with a wide range
of contexts and cases in grading.

Mathematical Modelling:

The mathematics of the data preparation phase is
implemented by transforming the textual data in a format
manage to be learned by ML model. One frequently utilized
approach is downloading the Term Frequency-Inverse
Document Frequency (TF-IDF) vectorization, which skims
the text as a vector that represents the value of the words
within the document and the whole corpus. But these are the
two different approaches and for our system we use more
advanced embeddings like those generated by BERT that
cover the context and semantics of words in the sentences.

A particular document D where the words w_, w_, ...

r 72
are represented is the BERT embedding process which
converts each of these words into a high-dimensional vector
vi that the vector express isn't only the word but also its
context within the sentence. Subsequently, the vectors are
then accumulated or combined to comprise a expression of
the entire response. The mathematical indication of a
response R can be of the form

IWB
n

R = Pool(BERT(w1), BERT(w2), .., BERT (wn))

In the case where BERT (wi) stands for the BERT vector
embedding of each word wi and the function Pool(.)
represents the way of pooling words into a single vector
summarizing the entire response.

The preprocessed data is now being coded and thus used as
input for training the automatic grading models. The models
learn to predict grades relying on the vector representations
of input responses, obtaining more and more complex
patterns on which the grade depends from a particular
feature of the response. The final purpose is to make an Al
system to do the grading just as human educators do, but the
computational representations of the answers will be the
basis for its evaluations.

) NLP Text or sentence
Dataset creation l Prep ing —™ rep ion
Test or exam DATASET j _l_

setting [ Model

L building |
‘ Efectiveness }(— Model Evaluation <— p;eog‘rce‘:d « Grading - ?“rsg:;sg

Fig.2: Data Preparation.
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The well-defined data preparation process helps ensure that
the Artificial Intelligence based grading system is built on a
strong, diverse and properly annotated data set. This ensures
that the AI can provide high accuracy and fairness when
evaluating student responses.

B.  Algorithm Development:

The advanced and complex data preparation phase is
followed by the development of the algorithm for the
Al-based automated grading system for open book
examinations. The provided work embodies the concept of
core part of the project. This component involves creating,
designing, and implementing the ML and NLP algorithms
that are able to recognize, understand, and evaluate student
responses with an accuracy and a fairness that is either on
par with or exceeds human graders.

Selection of Machine Learning Models:

The heart of our algorithmic framework is the
transformer-based  model, more precisely BERT
(Bi-Directional Encoder Representation from
Transformers), which is known for its outstanding

performance in understanding the context and nuance of
language. BERT utilizes a pre-trained model that was
fine-tuned with our annotated open book exam response
dataset, allowing it to adapt its extensive knowledge of
language to the grading task. We decided to use BERT due
to its strong performances in many NLP tasks such as text
classification, sentiment analysis, and question answering,
which makes it an excellent candidate for assessing the
complex, open-ended examination responses.

Designing the Algorithm:
The algorithm design follows these steps:

1. Pre-processing and Tokenization: First, the input is
pre-processed to ensure a standard input format, and then
tokenized. This means the responses are split into tokens,
which can be words or sub-words that BERT can
understand, and each token is mapped to an input
embedding.

2. Applying BERT for Contextual Embeddings: After
tokenization, we pass the tokenized inputs through the
BERT model, which returns a contextual embedding for
each token, meaning it captures each word token’s meaning
and the context provided by surrounding tokens.

3. Aggregating Embeddings: From the vectors obtained
from BERT embeddings for all tokens in a student response,
we aggregate them to represent the whole response with a
single vector. This aggregation can be as simple as an
average or a more complex operation that weighs some parts
of the student response more heavily than others if they are
more relevant for grading.

4. Scoring and Classification: After obtaining a single
vector, we pass it through a classification layer trained to
predict the grading for each student’s response. Thus, it acts
as a multi-class classifier that assigns one category to each
input vector based on the patterns it learned from the
training dataset.

Mathematical Modeling:

The mathematical modeling behind this algorithm can be
formalized by several equations that describe the
transformation of textual data into certain grades. Overall,
the presented process can be decomposed into the following
formula:

1. Tokenization:

Let T = Tokenize(D), where D is a document (student
response) and T is the sequence of tokens.
2. Embedding Generation:

For each token ti in T, BERT generates an embedding
vector ei: el = BERTembed(ti).
3. Aggregation:

The embedding vectors {el, e2, .., en} are aggregated to
form a single vector V: V = Aggregate({el, e2, .., en}).
4. Classification:

The aggregated vector V is then input to a classification
model C, which predicts the grade G: ¢ = C(V).

The loss function for the trained classification model C
minimizes the difference between the predicted grade and
the true grade in the training dataset; for multi-class
classification problems, cross-entropy loss is typically

utilized as a loss function:
M

Loss =— Y. yilog(pi)
i=1
Where M is the number of grade categories, (yi is a binary

indicator (0 or 1) indicating whether class label i is the
correct classification for the observation, and p; is the
predicted probability of the observation being classified as
class ..

Prediction
are
[cLs] Hi how you [SEP]
Model
[CLS] Hi how [MASK] you [SEP]

Input Sentence

Fig.3: BERT (Bidirectional Encoder Representations from
Transformers).

This algorithmic framework facilitates a thorough and
nuanced understanding and evaluation of student responses,
attuned to the context and complexity inherent in open book
examinations. The adoption of cutting-edge NLP techniques
alongside advanced ML models ensures not only high
accuracy and efficiency in grading but also upholds
principles of fairness and transparency, addressing some of
the key challenges in educational assessments.
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C. Bias Detection and Mitigation:

In the domain of Al-driven educational technologies,
especially those concerned with grading, addressing bias is
crucial. Bias in Al-powered grading systems can
disproportionately affect certain groups of students,
particularly those from diverse linguistic, cultural, or
educational backgrounds. To combat this, our system
employs a multi-pronged approach:

1. Algorithmic Bias Detection: We use a variety of
techniques, including adversarial testing, to identify
instances where the model's predictions may be biased due
to factors unrelated to the quality of the response. For
example, the system is evaluated against modified inputs
where sensitive attributes are altered to observe changes in
predictions.

2. Data-Level Analysis: We examine the training dataset for
any imbalances or skewed representations that could result
in biased grading outcomes. Techniques like stratified
sampling ensure a balanced representation across diverse
student demographics and types of responses.

3. Mitigation Strategies: The system implements algorithmic
adjustments and enriches the dataset with a broader array of
examples to correct for biases. This includes re-weighting
training examples and applying fairness constraints during
model training to diminish bias.

Data
Collection
Bias

Model Data

Test Bias Clea'nmg
Bias
Error from an erroneous
assumption in the machine
learning algorithim
Model Feature
Training Engineeering
Bias Bias

Data Split
Bias

Fig.4: Bias Mitigation Techniques.
4Continuous Monitoring and Adjustment: First off, the
system should ensure that bias detection and mitigation are
matters of intrinsic continuity by employing continuous
monitoring tools designed for the detection of signs of bias
during grading outcomes. Feedback loops enable
sufficiently complex models to improve themselves in
response to the schooling of the model itself as well as
through an adjustment of the training data..

D. Integration and Deployment:

The reorientation from creation to exploration involves
making the Al-assisted grading system compatible with the
system of educational technologies that is already in use.
This phase is implemented so that the system becomes the
seamless part of the education process and successful
academic activities that protect the integrity and security of
the examination process are also ensured.

Fig.5: Integrating the Al-based Grading System within
existing Educational Technology Ecosystems.
1. Platform Integration: There will be no platform
specificity with not only the Learning Management Systems
(LMS) in app factoring but also the integration of diverse
educational platforms. This increases the interoperability of
the system by allowing collaboration with other platforms

through APIs, enabling the submission of responses,
downloading of score, and feedback.

2. User Interface (UI) Design: User-friendly interface is a
must if both educators and students must be engaged.
Educators could tailor their activities by making use of the
Ul's features of setting examination, granting grades, and
obtaining specific feedback on students' answers. Students,
conversely, the other way round get to their scores at any
time and have personalized feedback in the same UI.

3. Security and Privacy: As seen, educational data being in
the learning analytics system involes the issue of security
and privacy. This will consist of encrypting data over the
Internet and also off it, putting strict access control measures
in place and also GDPR compliance regulation.

4. Scalability and Reliability: The system is on the cloud
architecture for scale that makes it capable of handling high
loads particularly during periods when examination is on
going. High the reliability and disaster recovery capabilities
of the data center are therefore incorporated to help
minimize the downtime and data loss which would
otherwise be experienced.

5. Training and Support: The trainings materials and the
support services have beed comprehensively provided to the
teacher and the administrators for them to familiarize with
the new system. These steps range from training teachers on
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setup as well as marking the exams and giving feedbacks,
techniques and best practices that teachers can adopt to
maximize the effectiveness of Al in improving their
teaching and assessment strategies.

With the introduction of this Al- based automation grading
system we are witnessing a big step not just in the
assessment of educational materials but also in in terms of
grading open book tests hence scalability of time being
used, efficiency and fairness to all is no doubt
accomplished. To that end, issuing unbiased detection and
mitigation approach, and smooth deployment and
integration will absolutely help the system to be applied in
education for both instructors and students, that it will for
sure widely be accepted.

IV. EXPERIMENT RESULT AND DISCUSSION

The deployment of automated marking by Al for open book
tests as key milestone in the integration of Al in
examination is innovative. The described approach of this
system designed to boost the fairness, efficiency, and the
accuracy of the grading processes surpassed all expectations
in the parameters evaluating these processes. It appeals both
to teachers and students as a fresh font allowing educational
authorities to replace traditional manual evaluation by
industrialized systems of student assessment.

Ultimately, after the system was severely tested and
deployed, Al-based system turned out to be an outstanding
one in terms of its performance across several crucial
evaluation metrics. We conducted a thorough pilot study
that provided objective appraisals of the system's accuracy,
fairness, efficiency and scalability. The study involved
students from different academic backgrounds. The scores
of Figure 6 demonstrate the system has the ability to grade
passed writing with a high range of accuracy, closely
resembling how human experts would mark them.

System Evaluation Parameters

Value

Accuracy

Efficiency Fairness
Parameters

Scalability

Fig.6: Performance Evaluation of the Al-Based Grading
System.
The top high accuracy of the system proves the higher
quality of the Al algorithms used and the dataset utilized for
training the system. It become possible to apply specialized
NLP techniques, like BERT, for a more subtle
comprehension, which made the process more impartial and
provided a deeper inference than the standardized exam
format. That was done to address the complexity of the open

book exam format. The achievement of a higher rate is a
sign of good performance that can lead to the superiority of
the system to significantly reduce the burden of teachers,
allowing them to concentrate more on educating tasks hence
the students will develop.

The fairness assessment demonstrated that the system is
able to detect unfairness and not only to address this issue,
but also to maintain fair grading outcomes. The use of
constant monitoring and exploring the feedback loops was
key to making the system work fair in an overall manner.
Therefore, the contention that nothing can guarantee 100 %
accuracy can be supported.

Scalability that is related to high throughput establishes the
system's ability to accommodate for the varying
examinations volumes, a necessary property to meet the
needs of the institutions with large student populations.
Such scalability along with the variety of integrating it in
discreet setting, makes the system applicable to all types of
educational system ranging from small college up to large
university.

V. CONCLUSION

Al system for automatic scoring open book tests have shed
light to the infinite potential of artificial intelligence in the
educational field in the area of judging the academic
progress of students. The effectiveness of this approach has
been demonstrated by its detailed logic, which has the
capacity to understand the questions and provide accurate,
precise and consistent grades that are close to the
evaluations made by the human experts. The integration of
this system at any existing educational technology platform
has not only smoothened the tedious paper work in grading
but also enhanced to a degree of scalability and reliability
that was previously thought of impossible through
conventional manual grading. Secondly, the deliberation
with regards to the bias detection and mitigation inside the
process of systemic development shows the students that
their assessment is based on equal and just terms. Looking
at the outcomes, the deployment of Al driven grading
system, indeed, paves the way for a new era of assessment
in higher education which will be not less than marvelous.
With these tools the traditional grading system's critical
issues are confronted, which signals more innovative,
comprehensive, and efficient methods for teaching students
and evaluating their learning outcomes.
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