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Abstract

A manual grading system can be affected by several factors such as subjective judgment of the reviewer, tiredness, sensitivity fo
handwriting, as well as the reviewer’s emotions, physical and mental state, which may lead to unfairness and inconsistency in
student grades. In order fo ensure fairness in computing the grades of students, it is good to embrace the use of an antomated grading
system which ensures consistent and objective grading. This study employed a numerical representation of semantic similarity by
comparing the student's answer with both the examiner's answer and the comprebension passage, which was later combined nsing
weights of 0.05 and 0.95. Random Forest (RF), Decision Tree (D), and Gradient Boosting Regressor algorithms were trained
and evalnated using R-squared value, MAE, MSE, and RMSE. The performance evaluation results show that the Decision
Tree model gave the best results, achieving the highest R-squared score of 0.9717 and the lowest prediction errors of 0.1030 MAE,
0.0703 MSE, and 0.2651 RMSE, which suggests that the combination of semantic similarity and question score provides useful
information for estimating student performance. However, similarity alone may not fully capture the overall guality and correctness
of an answer. The study, therefore, suggests that future improvements counld incorporate features such as grammatical correctness,
relevance, completeness, and factual accuracy.

Keywords: Decision Tree, Essay Grading, Gradient Boosting Regressor, Natural Langunage Processing, Random Forest,
Semantic Similarity Analysis, Supervised Machine Learning.

1.0 Introduction

In recent years, the integration of automated systems has risen in the education sector, as most institutions
require more robust systems to enhance the learning process, especially in the grading of students. Automation of
the evaluation process [1] of student answers has become a workable substitute to the manual process being
adopted by many institutions due to the daily improvement in the field of Artificial Intelligence and Natural
Language Processing. This advancement in technology provides a solution to academic sectors, especially in an
environment of an increasing number of learners with growing demands for prompt feedback.

The grading system is one of the important parts of academics that evaluates students’ performance and
monitors the growth of students. With a grading system, students are able to get feedback from the previous
examination in order to make adjustments where necessary for subsequent learning to ensure positive
advancement in their studies. It has been proven that manual computation of results is time-consuming [2] and
prone to human bias. Therefore, it is important to adopt the use of computers to process and compute students’
grades. The traditional manual way of grading students brings about unfairness and inconsistency in grading a
larger number of students. In order to ensure fairness in computing the grades of students, it is good to embrace
the use of an automated grading system which ensures consistent and objective grading [3].

The traditional method of grading students has been proven to be influenced by factors such as mood [4],
weather, noise, time constraints [5], and subjective judgment of the reviewer [6]. The large number of students in
an institution creates significant setbacks for educators when assessing the students. The implementation of an
intelligent system not only ensures consistency and fairness but also ensures prompt feedback [7].

Machine Learning (ML) and Natural Language Processing (NLP) provide effective tools to solve the
challenges of the traditional way of grading in academics, leveraging methods such as Random Forest Regressor,
Decision Tree, and Gradient Boosting Regressor. These algorithms learn from provided information, extract
useful details, and use that to carry out effective and cost-effective grading [8]. These methods repeatedly mine
data from the dataset provided in order to provide automation of scoring essays, and also ensuring high level of
accuracy [9]. This study focuses on developing an intelligent system that accurately grades student essays leveraging
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Machine Learning, Natural Language Processing, and Semantic Similarity Analysis, which examines sentence
resemblances based on their meaning and not word structures alone.

Therefore, this study aims to fill this knowledge gap by providing a machine learning approach to predict
students’ and examiners’ scores. The definite ideas of this study are to assess student performance by employing
NLP techniques, create a predictive model by training a generated dataset with three different ML algorithms, and
likewise carry out performance evaluation to determine the model that yields the best result. Also, the study checks
similarities by making use of different semantic similarity analysis approaches. This study is expected to enhance
the grading system, hence providing a seamless automated essay grading system. Below are the contributions of
this research to the scientific body of knowledge:

1. Generation of a dataset for accurate prediction of students’ scores vs examiners’ scores.

2. Implementation of different semantic similarity analysis methods to determine the best one.

3. Execution of semantic weight ratio to determine the relationship among essay, comprehension,

examination, and students’ answers.

4. Implementation of several semantic weight ratios to determine the optimal one for combining

comprehension and students’ answers.

5. Combination of semantic similarity analysis with target data frame for predictive analytics.

This study is divided into five sections. The general overview of the study is highlighted in this section of the
study, which is the introduction. Section two of this study entails the extracts of related literature reviewed. Section
three gives the breakdown of the approach used to accomplish the stated objectives, explaining the process, tools,
and techniques employed to achieve the goal of the study. Section four discusses the results achieved from the
methodology. Section five gives the overall conclusion.

2.0 Review of Literature

The rapid increase in the rate of learning both offline and online has led to a high demand for effective
methods of evaluating learners’ performance. Therefore, there is a need to transform from the traditional way of
grading students’ performance, which is prone to subjectivity and time-consuming, to a more effective and stress-
free automated method that ensures accuracy and objective nature in scoring students [10]. NLP could be used
together with ML algorithms to effectively understand and interpret human language [2] for accurate essay grading.

2.1 Intelligent Grading System

With the advances in technology, the automation of the grading process of students’ examinations has become
feasible with the use of supervised ML algorithms such as Random Forest, Decision Tree, and Gradient Boosting
Regressor, together with NLP and Semantic Similarity to help clarify the similarities between sentences, laying
more emphasis on the meaning of the sentences. This approach disrupts the manual evaluation of students’
examinations, reducing drawbacks such as time consumption, subjectivity in scoring, and human error [11] .
Therefore, ensuring accuracy in grading. NLP models are used to analyze large volumes of linguistic datasets to
study patterns and trends, thereby carrying out grading that is unbiased and dependable [12].

[2] work on mitigating several challenges encountered by academic staff, such as reducing the time spent on
grading a large number of students’ essays. They developed an automated grading system using Java as the
programming language and MySQL for database development. The developed system’s attention was on short
essay grading. They were able to achieve a 0.4 Exact Agreement rate and a 0.93 Pearson Correlation with a human
grader. [13] developed a system to deliver fast and consistent grading of student essays, employing Natural
Language Processing techniques and SpaCy for syntactic and semantic analysis. They trained a labeled essay dataset
using ML models. The system is designed to evaluate the structures of sentences, offering real-time response via
a responsive web application interface.

Another researcher explored the development of an intelligent Grading System which main target was college
students. The major area was on grading translation assignments [12]. They implemented two algorithms, which
are gradient boosting decision tree and backpropagation neural network, learning from big data, categorizing
patterns, and mining meaningful features. The study was able to achieve 98% accuracy. [10] also carried out diverse
research methods, such as literature review, comparative studies, and professional consultation, to gain insights
into the development of an intelligent grading system for short essays. This study focuses on developing intelligent
grading for all essay-related examinations utilizing Machine Learning Algorithms, Natural Language Processing,
and Semantic Similarity Analysis.

The present study focuses on providing a robust system for automated grading system, despite the importance
didn’t focus on solving the issue of bias in the training dataset, subjectivity. Some of the studies also lacked in-
depth interpretation of meaning, especially in the case of paraphrased answers. Some of the studies only focus on
short essay grading, neglecting longer and more complex responses. Also, some of the research only developed
the system using programming languages, leaving behind the application of artificial intelligence. This affects the
flexibility of the system.
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2.1.1 Semantic Similarity Analysis

The quality of answers is very important; therefore, the use of semantic similarity analysis in NLP is very
crucial. Semantic similarity analysis helps assess the closeness in context of meaning among students’ answers,
instead of focusing on word matching. Therefore, providing more precise evaluation for students. [14] worked on
the development of an automated grading system implementing NLP and semantic similarity measures to detect
closeness of sentences. The study implemented some similarity measures such as edit similarity, Jaccard similarity,
normalized word counts, and semantic similarity. [15] implemented two semantic similarity analysis methods,
which are corpus-based and knowledge-based, together with deep learning to evaluate against the conventional
methods in a short answer grading system to identify gaps.

Semantic Similarity Analysis can be categorized into two major types. These types are based on the basis of
the quantity of words they focus on. The two types are lexical semantic and corpus-based styles [15].

1. Lexical Semantic: This type of Semantic Similarity Analysis discovers some English notions such as
antonyms, hyponyms, hypernyms, and synonyms to detect the meaning of a word and its relationship
with other words. Lexical semantics is based on the meaning of a distinct word. Lexical semantics can
also be referred to as Lexicosemantic.

ii.  Corpus-based Style: Corpus-based style, in contrast to lexical semantics, addresses and analyzes a group
of text, which is known as corpora, to get the relationship between concepts and words [10]. This is done
based on the corresponding patterns. This approach does not focus only on the definition of words, but
on how words are used in a sentence.

2.1.2 Natural Language Processing

Natural Language Processing is a branch of Artificial Intelligence that combines computer science, linguistics,
and machine learning to allow computers to analyze, understand, and interpret human language. To achieve an
effective automated grading system, NLP is required to interpret human-written language [8]. NLP helps in the
aspect of textual software, enabling accurate grammar and spelling checks. NLP is a great transformation in the
tield of artificial intelligence, which eases human-computer interaction. [16] developed a machine learning-based
model to perform an automated essay system. He implemented NLP to extract some features from a publicly
available dataset. These models reliability were compared with that of a human grader. [17] carried out a survey
on some existing automated grading systems, marking out their limitations. The study developed an automated
essay scoring system, implementing deep learning in conjunction with Natural Language Processing techniques,
focusing more on content-based approaches. Different NLP approaches can be used to analyze and infer human
language. Some of the techniques are tokenization, lemmatization, stop word removal, text normalization,
sentiment analysis, and named entity recognition, among others. This study implements three of these approaches,
which are tokenization, lemmatization, and stop word analysis.

i.  Tokenization: Tokenization helps to convert text which are shapeless text into text that can be processed
and analyzed by models. It is the process of splitting down streams of words into smaller units known as
tokens. The outcome of tokenization comes in two components, which are the word index and tokenized
text. The word index gives the identifier of each word in a list format. Each word is replaced by a tokenized
text with a corresponding numerical token [18]. Tokenization implements different ways of word
splitting. The approaches are whitespace tokenization, punctuation-based tokenization, regular expression
tokenization, and library-based tokenization.

ii.  Lemmatization: Lemmatization is one of the important processes in NLP that traces back words to
their root word, giving much attention to meaning and part of speech. The resulting word in
lemmatization is known as a lemma. Lemmatization is an accurate approach to classify related words in
order to improve NLP tasks. Lemmatization is the best approach to deal with systems that deal with
understanding the meaning of words [19].

ii.  Stop Word Analysis: Stop word analysis is a process in NLP that ensures noise reduction by eliminating
words that convey less semantic meaning. Words with less semantic meaning are known as stop words.
They are words like "is,"" at" etc. The text’s most instructive terms are highlighted in this model.

2.2 Machine Learning

Machine learning makes it possible for computers to create patterns from previous experience in order to
create new situations through the analysis of a dataset. Machine learning learns from data to improve performance
without explicit programming for each task [20]. There are diverse algorithms for machine learning, such as
Gradient Boosting Regressor, Decision Tree, Random Forest Regressor, etc. These algorithms are selected based
on their features and strengths. The most widely used form of machine learning classification is supervised
machine learning due to its various applications in diverse areas such as decision support, inventory systems,
intelligent grading systems, intelligent data analytic software, among others [20].

Received: 22/08/2026; Revised: 31/08/2026; Accepted: 01/09/2026; Published: 07/09/2026 449



Volume 2, Issue 2 Akinsola ez al. (2026)

2.2.1 Decision Tree

A decision tree is a machine learning algorithm classified under the supervised learning category [21]. The
structure of a decision tree is like a tree with different nodes and leaves. It is widely used in the area of numerical
value prediction. A decision tree regressor can be used to build a model that predicts a continuous value by
undergoing the process of data segmentation recursively, considering the feature value. A decision tree, as the
name implies, is structured in a tree-like structure that consists of nodes [20], branches, and leaves. The node
represents a decision with respect to the feature; the branch denotes the output of the decision. While the leaf
represents the predicted value. Decision Tree Regression can also be called Regression Tree. DT implements a
regression model to convert a complex model to a simpler and more understandable model in the form of a
graphical display [22]. The benefit of implementing DT is the ability to swiftly predict numerical output in the
presence of noise. DT could be used as a regressor that recursively splits the complex task into smaller regions.
These are known as nodes. The smaller divided parts are the leaf nodes, while the main task is the root node [23].
Figure 1 shows the structural representation of a Decision Tree. The root node represents the entire dataset, while
other nodes are subdivisions of the nodes. The leaf nodes represent the end of the splitting [24]. The dataset is
partitioned with the aid of entropy.

Branches

Internal
Node

Internal
Node

Branches Branches

Leaf Leaf Leaf Leaf
Node Node Node Node

Figure 1: Decision Tree Structure [24]

2.2.2 Random Forest Regressor

Random forest is a machine learning algorithm that can be used to solve regression problems. Random Forest
uses a collection of decision trees to carry out prediction on a continuous numerical dataset. Multiple decision
trees are trained on different subsets of the training dataset. The final output is obtained through the process of
averaging in order to reduce the effect of overfitting. The best among the subset of predictors is randomly selected
to split the node [25]. Each predictor depends on the values of a random vector identically distributed across all
trees in the forest [26]. A significant volume of high-quality data is essential for efficient data collection to train
artificial intelligence models and machine learning algorithms. System performance data is crucial for improving
algorithms, hardware and software efficiency, user behavior assessment, pattern recognition, decision-making,
predictive modeling, and problem-solving, all of which lead to increased efficacy and accuracy [26]. Random forest
ensures reduction in bias.

2.2.3 Gradient Boosting Regressor

In the boosting ensemble learning approach, gradient boosting trees are a potent family of machine learning
algorithms that perform gradient descent on decision trees. Iteratively combining many simple models (i.e., weak
learners) to create a model with improved prediction accuracy (i.e., strong learners) is the fundamental concept
underlying them. Gradient Boosting ensures successive decision trees fit one training example while selecting the
best tree based on the loss function. The best is the one with the least loss function [27]. Another ensemble model
is the Gradient Boosting Regressor (GBR), which is an iterative collection of tree models stacked sequentially so
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that the subsequent model learns from the previous model's error. In order to create a more robust model, this
machine learning model "boosts" the ensemble of weak prediction models [28], frequently decision trees [28].

Table 1: Summary of Related Works

S/N | Author/Year | Methodology Dataset Used Findings Limitations

1 (1] Implementation Computer science Lower difference Dataset scope
of n-gram and questions and answers | between human is limited.
enhanced latent from the Department | grader and system
semantic analysis. | of Computer Science at | grade with accuracy

Babcock University. of 89.03%

2 2] Implementation Dataset was not 0.4 Exact The study
of Java, MySQL, | specified. Agreement rate, 0.93 | focused only
Artificial Neural Pearson Correlation | on short essay
Network to with human grader | grading.
develop a web
application
grading system.

3 [13] The study used Labeled Essay Dataset | Evaluation of System
NLP and SpaCy sentence structures, | dependent on
as a syntactic and ensuring real-time pre-defined
semantic analysis response linguistic
tool on a labeled patterns.
essay dataset.

4 [9] Analysis of essay | Essay dataset of 5,000 | The solution The dataset
dataset using entries achieved an accuracy | used in training
mixed approach of 87%. the model is

small.

5 [12] Implementation Large volumes of Efficient grading Focused on
of gradient labeled translation data | system for English college
boosting decision students to ensure students’
tree and Back objectivity. English
Propagation Grading.
Neural Network

6 [10] Execution of No dataset was used The research offered | No system was
different research the prospect of an developed.
methods on the automated grading
evolution of the system in academics.
grading system.

3.0 Materials and Methods

This section discusses the techniques, methods, and tools used in the implementation of the Essay Grading
System. This section explains the dataset used and the techniques employed for the preprocessing, such as data
cleaning, tokenization, lemmatization, and stop word analysis. Semantic Similarity Analysis is performed, and the
result is converted to a data frame. The preprocessed dataset is then used in developing the models, which are a
random forest regressor, gradient boosting regressor, and decision tree regressor. The developed models are
measured based on performance metrics to determine the best model to implement. The backend business logic
is developed and integrated with the best model chosen. Figure 2 represents the process flowchart for the
development of the Al-Enabled Essay Grading System.

3.1 Dataset Description

The dataset used in this study was an original dataset collected from students across different universities.
Students were assigned questions and asked to submit their responses, which were subsequently graded using
predefined assessment criteria. The collected responses and corresponding grades formed the dataset used in the
study. The dataset contains 13,644 records. The columns represent the features of the records in the dataset, such
as comprehension, question, examiner score, etc. The collected dataset is used to ensure accurate prediction of
examiner’s score and student’s score.
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Performing Text Preprocessing
such as Tokenization, Stop word,
and Lemmatization

Semantic Similarity Analysis
Weight ratio 0.05 and 0.95

Conversion of Semantic Similarity
analysis result into data frame

Splitting data to training and testing
ratio

Building ML models such as Random
Forest Regressor, Decision Tree
Regressor, and Gradient Boosting
Regressor

Model Evaluation such as
accuracy, MSE, RMSE, F1_score,
Precision, and MAE.

v

Yes Optimal No

h Results?

Retrain the models

Evaluation and
Testing of System

Figure 2: Process Flowchart

3.2 Dataset Processing

It is important to carry out the preprocessing stage when developing machine learning models. This ensures

high performance of the model. The preprocessing procedures include data cleaning, data structuring, and NLP
procedures.
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1. Data Cleaning: Data cleaning ensures the data is precise, comprehensive, and operational for decision-
making. Some of the tasks in data cleaning include elimination of errors, handling missing values,
standardizing data, and restructuring data. The key steps include Noise Reduction (excess whitespaces,
special characters such as #,$%, and HTML tags were removed) and Data Normalization (all duplicate
entries were removed and missing values were handled).

i. ~ NLP Implementation: NLP is employed to abstract meaningful features from text, ensuring its
suitability for developing machine learning. The techniques used in this study include:

a. Tokenization: Tokenization was carried out in this study using the Natural Language Toolkit (NLTK)
library. The process of breaking up dense text into smaller, simpler text units called tokens is called
tokenization. These tokens are used to represent words or sentences, which makes analysis easier.

b. Lemmatization: Lemmatization ensures consistency across various word forms by reducing words to their
original or root form. Words like "working," "worked," and "works," for example, have become
synonymous with "work." By treating related terms as the same, this procedure further simplifies the
model.

c. Stop Word Analysis: Common words like "as," "is," and "in" that convey less semantic meaning are
known as stop words. These words ate eliminated to guarantee noise reduction and increased dataset
efficiency. This stage ensures that the model will highlight the text's most instructive terms.

'

3.2.1 Semantic Similarity Analysis

The need for implementing semantic similarity analysis is very crucial when using NLP. This ensures high
quality of answer. Semantic Similarity Analysis assesses the closeness in context of meaning among the students’
answers, and not focusing on word matching. This study implemented the three major processes of semantic
similarity analysis. The processes ate feature abstraction, text representation, and similarity computation. The three
processes are dependent on one another to ensure accurate computation of similarity.

1. Feature Abstraction: This process aims at providing a structured representation of the meaning of each
word. This study identifies the semantic features and extracts appropriate semantic features. The extracted
features are weighted and represented in vector format. All these are known as Semantic Feature Analysis
(SFA).

ii.  Text Representation: This process utilizes tools such as word2Vec and GloVe to capture the semantic
connection between words. Immediately after the features have been extracted from the text, it is
necessary to be converted to a format that would be easy for similarity computation, which most of the
time is the numerical format. This can either be vectors or matrices.

fii.  Similarity Computation: This is the final process after the extraction of features and representation of
text. The semantic similarity is calculated in this phase using cosine similarity, which measures the angle
between two vectors. The process combines different methods, such as cosine similarity and WordNet-
based measures. Thereby computing the average of each outcome.

3.3 Model Building

This section discusses the process involved in developing and evaluating the machine learning models to
predict examiners’ answers and students’ answers. A data splitting ratio of 90:10 was used to evaluate the
performance of various machine learning models. Splitting of dataset to training and testing ratio was done by
means of these ratios. The model with the best performance was selected for additional development. Python
libraries such as Scikit-learn, NumPy, pandas, and NLTK were used for the development. Three machine learning
models were used in this study, which are Random Forest Regressor, Decision Tree, and Gradient Boosting
Regressor.

3.3.1 Decision Tree Regressor

This study develops a Decision Tree Regressor model that predicts continuous values by undergoing the
process of data segmentation recursively, considering feature values. A decision tree, as the name implies, is
structured in a tree-like structure that consists of nodes. It minimizes the mean squared error by splitting the
generated dataset into leaves, respectively. The mathematical model for this is given as:

E =—%i_1pixlog(p;) M

where p; is the proportion of observations with class label i, which ranges from 1 to c.

The mathematical equation for decision tree regression is given in equation 2 as the average of the target
variable in each region. For all training samples, the prediction for a given input is the mean value of the target
variable.
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Cn = Rl YixieRpy Vi @)

where |R,, | denotes the quantity of trials in region R,y,, y; is the equivalent target rate, and x is the input.
Itis possible in regression to reduce the variance of the target variable. Therefore, splits are selected. Equation
3 gives the scientific modelling for this process:

Variance Reduction = Var(t) (% Var(R,) + %Var(RR) (3)

In equation 3, Var(t) represents the modification of the target variable at the level of the existing node, N

denotes the overall count of samples at the existing node, N;, and Ngsignifies count of samples in the left and right
child nodes, respectively, and Ry and Rg represent the left and right regions formed.

3.3.2 Random Forest Regressor

Random Forest Regressor uses a collection of decision trees to carry out prediction on a continuous numerical
dataset. Multiple decision trees are trained on different subsets of the training dataset. The final output is obtained
through the process of averaging in order to reduce the effect of overfitting. The best among the subset of
predictors is randomly selected to split the node. It trains numerous trees on different bootstrap samples. The
overfitting of the model is reduced, and randomness is also applied in carrying out the sampling and feature
selection at each fragment.

1
OB LINe) @
where y(x) represents the final prediction for input x, h; (x) denotes the prediction from the ith decision tree,
and N is the total number of trees in the forest.

3.3.3 Gradient Boosting Regressor

Gradient Boosting Regressor is implemented in this study to ensutre successive decision trees fit into one
training example while selecting the best tree with a low loss function. Another ensemble model is the Gradient
Boosting Regressor (GBR), which is an iterative collection of tree models stacked sequentially so that the
subsequent model learns from the previous model's error. In order to create a mote robust model, this machine
learning model "boosts" the ensemble of weak prediction models, frequently decision trees. The mathematical
equation for this model is given below:

y(x) = Z%:l Ymhm (x) ©)

where y(x) is the predicted result, Ry, (x) is the prediction from the mtweak learner, which is the decision
tree, Y is the step magnitude, and M represents the quantity of boosting repetitions.
Gradient Boosting model undergoes updates during each iteration. The model updates are represented as
follows:
Fn(x) = Fpo1(x) + Ymhm () ©)
where hy, (x) is trained for the purpose of fitting the negative gradient of the loss function, and Fp,_ signifies
the existing ensemble prediction.

3.4 Evaluation Metrics
Some evaluation metrics were used to evaluate the models’ performance. The metrics are as follows:

i.  R-squared: is a statistical measure used in regression to show how well a model explains the variation in

the target variable. It ranges from O to 1. The mathematical model to represent accuracy is given below:
RZ =1 — Z(Yi—f:i)z @
Li=y)?

where y; denotes actual value, ¥; is predicted value and ¥ represents the mean of actual values

ii.  Mean Squared Error (MSE): This metric quantifies the difference between the predicted student score
and actual score, then squares it. It is represented mathematically as:

1 -
MSE = ~ %o, (yi = 5)* ®)
where n denotes the number of fitted points, yi is the prediction, and Yi represents the true value.

fii. ~ Mean Absolute Error (MAE): This metric calculates the average of the differences between the
predicted result and the definite result.

1 ~
MAE = —3i 1 lyi = 9l ©)
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iv.  Root Mean Squared Error (RMSE): RMSE measures the prediction error by providing the average
scale. RMSE is measured as the square root of MSE.

RMSE = VMSE (10)

4.0 Results and Discussion

The models developed were analyzed using performance evaluation metrics commonly used for regression
algorithms. These metrics include R-squatred score, MAE, MSE, and RMSE. The experiment in this study was
conducted on a Kaggle Notebook with Keras provision, and the TensorFlow library was employed for building
the two deep learning models.

4.1 Data Preprocessing and Exploratory Data Analysis (EDA)

The essay grading dataset comprised 13,044 question-answer instances with seven attributes: Question 1D,
comprehension passage, question, examiner answer, student answer, student score, and question score. Several
data preprocessing techniques were employed. These include missing-value assessment, text preprocessing,
semantic feature construction, and feature and target selection.

The dataset was first subjected to a missing-value assessment using Pandas, which confirmed that all seven
attributes contained zero missing observations. Consequently, no imputation or record deletion was required.
Since the primary data consisted of natural-language responses, a text preprocessing pipeline was subsequently
applied to the examiner answers, student answers, and comprehension passages. The procedure involved
conversion of text to lowercase, removal of non-alphanumeric characters, word tokenization, English stop-word
removal, and WordNet-based lemmatization. The resulting normalized texts were used for semantic feature
extraction. Using the spaCy en_core_web_md language model, semantic similarity was calculated between the
student response and the examiner answer and between the student response and the comprehension passage.
These similarity measures were combined using weights of 0.05 and 0.95, respectively, with greater emphasis
placed on the relationship between the student's response and the comprehension context. The resulting semantic
similarity score, together with the question score, constituted the predictor variables, while the human-assigned
student score served as the target variable. Finally, the data were partitioned into training and testing subsets using
a2 90:10 ratio with a fixed random state of 42 to ensure reproducibility.

4.2 Performance Evaluation

The three models: Random Forest regressor, Decision Tree regressor, and Gradient Boosting Regressor were
evaluated using different performance evaluation metrics. These metrics include the R-squared score and error-
based evaluation metrics such as MAE, MSE, and RMSE. Table 2 and Figure 3 show the results of the evaluation
using the R-squared score.

Table 2: Performance evaluation using R-squared score

S/N | Model R-squared score
1 | Random Forest Regressor 0.9658
2 | Decision Tree Regressor 0.9717
3 | Gradient Boosting Regressor 0.8812

Performance evaluation using R-squared score

0.98 09658 071
0.96 B Random Forest
Regressor
0.94
0.92 B Decision Tree
09 Regressor
’ 0.8812
0.88 Gradient
0.86 Boosting
) Regressor
0.84
0.82

R-squared score

Figure 3: Performance evaluation using R-squared score
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The results show that the Decision Tree model performed best, achieving an R? value of 0.9717. This means
that the model was able to explain about 97.17% of the variation in student scores. The Random Forest model
also performed very well, with an R? of 0.9658, explaining approximately 96.58% of the variation in the scores. In
compatison, the Gradient Boosting model recorded an R? of 0.8812, meaning that it explained about 88.12% of
the variation in student scores. Overall, the results indicate that the Decision Tree provided the best fit among the
three models based on the R? measure.

The models were further evaluated using three cost metrics. Table 3 and Figure 4 show the performance
evaluation using error-based evaluation metrics.

Table 3: Performance evaluation using error-based evaluation metrics
S/N | Model MAE MSE RMSE
1 Random Forest Regressor | 0.1339 | 0.0850 0.2916
2 | Decision Tree Regressor 0.1030 | 0.0703 0.2651
3 | Gradient Boosting | 0.2850 | 0.2956 0.5437
Regressor

Performance evaluation chart using error-based evaluation

metrics
0.6 0.5437
0.5
0.4
03 0.285 0.2956 0'29160.2651
0-2 0.1339

: =
MAE MSE

® Random Forest Regressor ® Decision Tree Regressor ® Gradient Boosting Regressor

RMSE

Figure 4: Performance evaluation chart using error-based evaluation metrics

The error-based evaluation further supports the strong performance of the Decision Tree Regressor. The
model recorded the lowest MAE (0.1030), MSE (0.0703), and RMSE (0.2651), indicating that its predicted student
scores were generally closest to the actual scores. The Random Forest Regressor also performed well, with an
MAE of 0.1339, MSE of 0.0850, and RMSE of 0.2916, although its errors were slightly higher than those of the
Decision Tree. The Gradient Boosting Regressor produced considerably higher error values, recording an MAE
of 0.2850, MSE of 0.2956, and RMSE of 0.5437.

4.3 Discussion of Findings

The findings of this study demonstrate that machine learning models can effectively predict student scores
from semantic information derived from student responses. The modelling process used two predictors: Semantic
Similarity and Question Score, with Student Score serving as the target variable. The semantic similarity feature
was generated by compating the student's answer with both the examinet's answer and the comprehension
passage. Greater emphasis was placed on the comprehension relationship, with weights of 0.05 for examiner-
answer similarity and 0.95 for comprehension similarity. This approach provided a numerical representation of
the semantic relationship between a student's response and the expected contextual content.

The overall performance evaluation results show that the Decision Tree provided the most consistent
predictive performance, achieving both the highest R? value and the lowest prediction errors among the evaluated
models. This suggests that the Decision Tree was the most suitable of the three models for predicting student
scores in this study. The poorer performance of GBR model may indicate that the model did not obtain the same
benefit from the two available predictors as the tree-based models under the configuration used in the experiment.
The result should not necessarily be interpreted as evidence that GBR model is generally inferior to Decision
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Trees; rather, it indicates that under the experimental conditions and feature representation used in this study, the
Decision Tree achieved better predictive performance.

The results show that the implementation of the model has practical implications for the development of an
automated essay-grading system. The strong performance of the Decision Tree model suggests that semantic
similarity between a student's response and the reference/contextual information, combined with the maximum
score assigned to the question, contains substantial information for estimating the score awarded by a human
examiner. The study demonstrates that the system can transform textual student responses into a numerical
semantic representation and subsequently use that representation to estimate student scores. This provides
evidence that semantic features can serve as useful predictors in an automated grading framework.

5.0 Conclusion

The study demonstrates that machine learning can be used effectively to predict student scores and support
automated essay grading. Three machine learning models, including Random Forest, Decision Tree, and Gradient
Boosting Regressor, were trained and tested. Among the models tested, the Decision Tree Regressor gave the best
results, achieving the highest R? score of 0.9717 and the lowest prediction errors of 0.1030 MAE, 0.0703 MSE,
and 0.2651 RMSE. This suggests that the combination of semantic similarity and question score provides useful
information for estimating student performance.

Although the results obtained in this study are encouraging, the current approach relies mainly on semantic
similarity and question score, which provide useful information about how closely a student's response relates to
the expected content. However, similarity alone may not fully capture the overall quality and correctness of an
answer.

Future improvements could therefore incorporate features such as grammatical correctness, relevance,
completeness, and factual accuracy. Grammatical features could help assess the clarity and proper construction of
students' responses, while relevance could determine whether the response directly addresses the question.
Similarly, assessing completeness would help identify whether students have adequately covered the key points
required in an answer. Factual accuracy would also be important in distinguishing between responses that appear
semantically similar to the expected answer and those that actually contain correct information. By combining
these additional characteristics with semantic similarity, the grading system could develop a more comprehensive
understanding of student responses. Such an approach may improve the consistency of automated scoring and
bring the system closer to the broader range of factors considered by human examiners when assessing students'
answers.
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