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Abstract-- This research introduces a pioneering
framework that harnesses machine learning and natural
language processing (NLP) to revolutionize the
evaluation of subjective answers in educational
contexts. Traditional methods of assessing essays and
open-ended responses have been characterized by their
labour-intensive nature and subjectivity. Our approach
streamlines this process by employing NLP techniques
for preprocessing, tokenization, and advanced feature
extraction, followed by training machine learning
algorithms on diverse datasets of annotated answers.
The result is a system capable of providing automated
scores and feedback that closely align with human
evaluators' judgments, demonstrating effectiveness
and reliability across a spectrum of educational
domains. Importantly, this automation not only
enhances scalability and consistency but also lightens
the workload on educators, allowing them to focus on
more nuanced aspects of teaching.

Beyond its technical contributions, our research
addresses ethical considerations and challenges
associated with the deployment of automated
evaluation systems in educational settings. This
comprehensive exploration encompasses concerns
related to bias, transparency, and the overall impact on
the learning experience. By navigating these ethical
dimensions, our study not only advances the
technological aspects of automated evaluation but also

underscores the importance of  responsible
implementation within the educational landscape. This
dual emphasis on technical innovation and ethical
considerations positions our framework as a promising
solution for achieving efficient and objective
subjective answer assessment in educational contexts.

Keywords: Machine learning, NLP, Subjective answer
assessment, automatic scoring, feature extraction,
consistency, feedback, teaching work load reduction,
transparent evaluation

1.INTRODUCTION

Navigating the landscape of educational assessments
reveals the intricate challenges posed by evaluating
subjective answers. In contrast to their objective
counterparts, subjective responses are unbounded,
allowing students the freedom to express themselves
openly. However, this freedom introduces
complexities, with subjective answers being not only
longer but also requiring more time and cognitive
effort to produce. The richness of context in these
responses demands a heightened level of concentration
and objectivity from teachers during the evaluation
process.

Subjective exams are perceived as more intricate and
daunting, attributed primarily to their fundamental
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characteristic—context. The need for evaluators to
scrutinize each word actively adds to the complexity.
Furthermore, the mental state, fatigue, and objectivity
of the evaluator play a substantial role in shaping the
overall assessment outcome. Recognizing the
challenges embedded in manual evaluation, there is a
compelling argument for the adoption of automated
systems, particularly in the contemporary context
dominated by virtual work environments, accentuated
by the Covid-19 pandemic.

While machines have proven adept at swiftly
evaluating objective responses, the narrative pivots to
the complexities inherent in handling subjective
answers. Varied in length and enriched with
vocabulary, these responses introduce an additional
layer of difficulty, compounded by the use of
synonyms and abbreviations. Despite existing efforts
in the field, such as text similarity measurement and
keyword matching, persistent challenges like semantic
context loss and the need for robust datasets persist.

Within this landscape, the project takes center stage,
aiming to automate the evaluation of subjective
answers through the integration of ML And NLP. This
initiative responds directly to the labour- intensive and
time-consuming nature of manual evaluation, a
concern amplified in the current virtual work
environment shaped by the ongoing pandemic.

2. OVERVIEW

This project centers on the automation of the subjective
answer evaluation process in educational settings
through the utilization of advanced technologies,
specifically ML and NLP. Subjective answers,
characterized by their open-ended nature, have
traditionally posed challenges in terms of varied
lengths, diverse vocabulary, and the nuanced
contextual understanding required for accurate
assessment.

To address these challenges, the project employs ML
algorithms and NLP techniques. The process involves
preprocessing and tokenization of textual responses,
followed by feature extraction using NLP
methodologies. The ML models are then trained on

annotated datasets, allowing them to discern the
subtleties of human assessment. The ultimate objective
is to develop a system capable of providing automated
scores and feedback that align closely with human
evaluators' judgments, thereby enhancing scalability,
consistency, and objectivity in the subjective answer
assessment process.

A key focus of the project is on mitigating the burden
on educators associated with manually evaluating
subjective answers. The inefficiencies and subjectivity
inherent in traditional evaluation methods are
addressed through the introduction of a more
streamlined and automated approach. The system is
designed not only to handle the challenges posed by
varied answer lengths and rich vocabulary but also to
navigate the complexities introduced by synonyms and
abbreviations frequently used by students.

Moreover, the project takes into account ethical
considerations associated with deploying +automated
evaluation systems in educational settings. It strives to
ensure transparency, fairness, and responsible use of
technology in the assessment process. The overarching
goal is to revolutionize the way subjective answers are
evaluated, providing a more efficient, consistent, and
objective framework that aligns with the demands of
contemporary educational environments.

3. METHODOLOGY

The system architecture designed for subjective
answer evaluation seamlessly integrates machine
learning and natural language processing (NLP)
techniques to ensure precision in assessments. The
process initiates with raw input data, encompassing
both the main answer and the student's response. To
enhance consistency and eliminate unnecessary noise,
the input data undergoes preprocessing, involving case
folding for uniformity and the removal of special
characters,  non-alphanumeric  elements, and
punctuation marks.

The architecture uses the Glove approach for word
embedding after preprocessing. By examining the co-
occurrence statistics of words across large text corpora,
glove vectors are able to accurately represent the
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contextual meaning of individual words. This strategic
approach allows the system to encode semantic
information, transforming the answers into a vector
space for meaningful comparison and evaluation.
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Fig 3.1 Workflow diagram

The pre-processed and word-embedded data is
efficiently stored for retrieval and comparison during
the evaluation process. When assessing the student's
answer, the architecture utilizes cosine similarity, a
metric gauging the likeness between two vectors. In
this context, the vectors correspond to the student's
response and the main answer. A higher cosine
similarity score indicates a more significant match
between the two answers. The architecture generates
an evaluation output based on this score, offering either
a numerical value or a qualitative assessment that
reflects the correctness of the student's answer. In
essence, this architecture combines preprocessing,
word embedding, and cosine similarity metrics to
provide a robust and accurate framework for
evaluating subjective answers.
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Fig 3.2 System architecture
3.1 DATA PRE-PROCESSING

Data pre-processing is a critical phase in data analysis
that involves cleaning and transforming raw data to
ensure its quality and reliability. This includes tasks
such as handling duplicates, addressing missing
values, scaling numerical data, and encoding
categorical variables. Removing duplicates ensures
that each data point is unique, preventing distortions in
the analysis caused by redundant information.
Handling missing values is essential to avoid biased or
inaccurate analyses, and scaling numerical data
ensures that variables with different units or scales
contribute equally to the analysis. Encoding
categorical variables converts non-numeric data into a
format suitable for analysis, allowing algorithms to
process and derive insights from this information.
Exploratory Data Analysis (EDA) complements data
pre-processing by providing a deeper understanding of
the dataset. It involves visually exploring data
distributions, identifying patterns, and detecting
outliers. EDA helps in making informed decisions
about data transformation and preprocessing
techniques by revealing underlying structures or
anomalies in the dataset. The insights gained from
EDA guide subsequent analysis and model building.
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3.2 TEXT CLEARING

Text clearing, a crucial facet of NLP and text analysis,
is a systematic process aimed at enhancing the quality
and reliability of textual data. This essential step
involves the methodical removal of irrelevant or
unwanted elements from the text to standardize and
refine its form for accurate analysis. Punctuation marks
are eliminated to simplify the text, and a uniform
lowercase representation is adopted to ensure
consistency. Stop words, common words that may not
contribute significant meaning, are often removed to
focus on more meaningful terms. Special characters
and non-alphanumeric elements are also excluded to
eliminate potential sources of noise. Additionally,
normalization techniques, such as reducing words to
their base or root form, contribute to a standardized
representation of the text. The process may also
involve spell checking to rectify any inaccuracies in
word representation. Abbreviations are addressed to
ensure clarity and consistency. Overall, text clearing
plays a pivotal role in preparing textual data for NLP
tasks, providing a refined and standardized foundation
for subsequent analyses, such as sentiment analysis,
text classification, and information retrieval.

3.3 WORD EMBEDDING

Words are converted into numerical vectors using word
embedding, a complex natural language processing
(NLP) approach, allowing computers to understand
and process language in a mathematical and
computational framework. The fundamental idea
behind word embedding is to represent words as
continuous, dense vectors in a high-dimensional space,
where the geometric relationships between these
vectors capture semantic meanings and relationships
between words.

One of the key benefits of word embedding is its ability
to capture contextual information and semantic
relationships between words. Unlike traditional
methods that represent words as discrete symbols or
indices in a sparse matrix, word embeddings leverage
dense vector representations that encapsulate the
meaning of a word based on its context within a given
dataset. For applications like sentiment analysis, text

categorization, and machine translation, this contextual
awareness is essential.

Neural networks, specifically shallow or deep learning
models, are commonly employed in word embedding
algorithms. These models learn to represent words as
vectors by analyzing vast amounts of text data during
a training phase. The vectors are positioned in such a
way that words with similar meanings or contexts are
closer to each other in the vector space. A popular word
embedding model is Word2Vec, which uses a shallow
neural network to predict the context of words.

GloVe is another notable word embedding model. It
considers the global context of word co-occurrences
across an entire corpus and captures semantic
relationships between words by analyzing their
distributional patterns. GloVe has gained widespread
adoption due to its ability to generate meaningful and
contextually rich word representations.

Word embeddings have revolutionized NLP tasks by
providing a continuous and dense representation of
words that preserves semantic relationships. This
enables algorithms to better capture the nuances of
language, understand word similarities, and generalize
across different contexts. Word embedding models not
only enhance the efficiency of various NLP
applications but also contribute to the advancement of
machine learning models in understanding and
processing natural language more effectively.
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3.4 COSINE SIMILARITY

Cosine similarity is a mathematical measure employed
in NLP and text analysis to quantify the similarity
between two vectors. Within the field of Natural
Language Processing, vectors are frequently used to
depict words or documents in a high-dimensional
space, with each dimension denoting a distinct term or
characteristic. The measure, which is based on the
cosine of the angle that separates these vectors, sheds
light on the direction of similarity between them
instead of just magnitudes.

The computation of cosine similarity involves the dot
product of the vectors and their magnitudes. When
vectors are identical or point in the same direction, the
cosine similarity is 1. If vectors are perpendicular, the
similarity is 0, and if they point in opposite directions,
the similarity is -1. The score ranges from -1 to 1, with
1 indicating complete similarity, O denoting no
similarity, and -1 suggesting complete dissimilarity.

Cosine similarity is particularly useful for comparing
text documents or word embeddings. It considers the
direction of vectors, making it robust to differences in
vector lengths. Its insensitivity to vector magnitudes is
advantageous, allowing for effective comparison even
when document lengths or word frequencies differ.
This metric finds applications in various NLP tasks,
including document similarity analysis, clustering, and
information retrieval systems.

3.5 SIMILARITY SCORE

A similarity score in natural language processing
(NLP) is a quantitative measure used to assess the
degree of similarity between two entities, such as text
or vectors. Several mathematical metrics capture this
concept, each serving specific purposes. One
prominent metric is the cosine similarity score,
expressed by the equation:

AB

Cosine Similarity (A,B) = [IAI[11B]|

This formula calculates the cosine of the angle between
vectors A and B, providing a measure of their

directional agreement. A higher cosine similarity
suggests a closer match and greater resemblance.

Jaccard similarity is another metric, particularly useful
for set-based comparisons, and is calculated as:

Jaccard Similarity (A,B) = :232:

It measures the intersection over the union of elements
in sets A and B, offering insights into their shared
elements. Euclidean similarity, capturing the proximity
between vectors A and B, is expressed as:

. e _ 1
Euclidean Similarity (A, B) = T (Bt
A higher Euclidean similarity indicates closer
proximity between vectors, emphasizing their overall
similarity.

Pearson similarity, assessing linear relationships
between variables, is given by the absolute value of the
Pearson correlation:

Pearson Similarity (A,B) =
[Pearson Correlation (A,B)|

The Pearson correlation coefficient measures how
strongly two variables are related, and whether that
relationship is positive or negative.

These equations represent the mathematical
foundations of similarity scores, which play a crucial
role in various NLP tasks, including text matching,
clustering, and information retrieval. The choice of a
specific metric depends on the nature of the data and
the objectives of the analysis, highlighting the
versatility and applicability of these mathematical
measures in NLP.
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5.RESULT

The project resulted in the development of an advanced
system for evaluating responses through a
comprehensive process involving feature extraction,
sentiment analysis, semantic analysis, and other
relevant techniques. This system offers a quantitative
assessment of subjective qualities, enhancing its utility
across various domains such as educational
assessment, customer feedback analysis, and
automated essay grading.

One significant aspect of the project involved updating
keywords, sentences, and words for future evaluation
challenges. This process included identifying and
incorporating previously non-existent keywords into
the system, ensuring its adaptability and relevance in
evolving contexts.

The implementation of these updates has led to a
notable enhancement in the quality and efficiency of
response evaluation compared to existing machine
learning models. By integrating cutting-edge
techniques and continuously refining its evaluation
criteria, the system demonstrates improved accuracy
and efficacy in assessing the quality, coherence,
relevance, and fluency of responses.

PR - - Pt

ABARNINGUAND NATURAL
LANGUAGE PROCESSING

5. CONCLUSION

The assessment of subjective answers is tackled using
machine learning and natural language processing
techniques. Two score prediction algorithms are
introduced, achieving up to 88% accuracy. To address
semantically loose answers, various similarity and
dissimilarity thresholds are explored, incorporating
measures like keyword presence and sentence
percentage mapping. Experimental results indicate the
superiority of the word2vec approach over traditional
word embedding techniques, maintaining semantic
integrity. Word Mover’s Distance outperforms Cosine
Similarity in most cases, expediting machine learning
model training. With adequate training, the model
becomes proficient in predicting scores independently,
eliminating the need for semantic checking. Tailoring
word2vec models for specific domains and increasing
the number of classes with large datasets are viable
strategies. Data preprocessing tasks, such as handling
duplicates and encoding variables, play a crucial role.
Text cleaning ensures consistency and removes
irrelevant information, while word embedding
techniques like GLOVE enhance data quality, proving
valuable in subjective paper evaluation and other text-
based tasks.
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