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Abstract: In order to tackle the problem of more
accurately and efficiently identifying modified
information in media, this study presents the Roberta-
LightGBM approach framework, which combines the
advantages of Roberta and LightGBM. Using a natural
language processing (NLP) our strategy seeks to quickly
detect and reduce manipulated content using a machine
learning technique in LightGBM and a language
processing (NLP) model in Roberta. Compared to more
conventional methods like BERT, which require far
larger datasets for training across a variety of
applications, the use of Roberta's NLP model allows for
the effective training of large datasets in a short amount
of time.

In the modern era, the fast-paced evolution of industries
and career landscapes has placed a premium on the
ability of individuals to understand and leverage their
skills effectively. However, traditional skill assessment
methods, such as standardized personality tests or fixed-
question surveys, often fail to capture the full spectrum
of an individual's abilities. These assessments are
typically static, generalized, and not tailored to a user’s
unique context or personal growth. As a result, they
struggle to address the dynamic and multifaceted nature
of human skills, especially those developed through
hobbies and personal interests.

This research proposes an innovative Al-based adaptive
skill assessment system that overcomes these limitations
by employing advanced natural language processing
(NLP) and machine learning techniques. The system
dynamically generates personalized questions in real-
time, based on a user’s input about their interests and
activities. By continuously analyzing responses and
adjusting content accordingly, it provides a tailored and
evolving assessment experience. This adaptive approach
allows the system to uncover hidden or transferable skills
derived from hobbies and offer relevant feedback for
both personal growth and career advancement.

The key contributions of this research include the
integration of NLP models like GPT-3 and BERT for
guestion generation, the application of machine learning
algorithms to map interests to skills, and the
development of a feedback engine that offers actionable
insights. The system’s adaptability ensures that the
assessment evolves alongside the user, making it a
valuable tool for lifelong learning and professional

development. By addressing the limitations of traditional
assessment methods, this Al-driven model has the
potential to transform how individuals and organizations
approach skill identification and career planning.

INTRODUCTION

In the modern, rapidly evolving world, both
individuals and organizations are increasingly focused
on skills and competencies as the cornerstone of
personal and professional development.
Understanding  one’s  strengths, areas  for
improvement, and untapped potential is crucial for
success in various domains, from education to career
planning. However, traditional assessment tools, such
as personality tests or fixed-question surveys, have
significant limitations in meeting the complex and
dynamic needs of today’s users.

Conventional assessments like the Myers-Briggs Type
Indicator (MBTI) or DISC profiles offer a static
snapshot of an individual’s personality or skill set.
These methods are not adaptive and fail to evolve
alongside the user. Additionally, they tend to be
generalized, often lacking the ability to provide deep
insights that reflect an individual’s personal context,
interests, or unique combination of skills. This lack of
customization and real-time adaptability leaves
significant gaps in understanding one’s true abilities,
especially skills developed through hobbies and
personal interests, which are often overlooked but can
be highly transferable to real-world applications.

For instance, consider a person who engages in
creative writing as a hobby. Traditional assessments
might not recognize the critical thinking, problem-
solving, or storytelling skills honed through this
activity, skills that are valuable in various careers such
as marketing, content strategy, or public relations.
Similarly, individuals passionate about strategic
games like chess might possess exceptional analytical
and strategic thinking skills, but these are rarely
identified in standard skill assessments. This

IJIRT 169567 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1615



© November 2024 | 1JIRT | Volume 11 Issue 6 | ISSN: 2349-6002

highlights the need for a system that can dynamically
interpret and adapt to a user’s evolving interests and
experiences.

Problem Statement

Despite the demand for better skill assessment tools,
current solutions have three main shortcomings:

1. Lack of Personalization in Assessments:
Traditional assessments use a one-size-fits-all
approach that fails to consider the nuances of
individual hobbies, interests, or evolving skills. The
lack of tailored questions and adaptive mechanisms
makes these tools less effective for meaningful skill
evaluation.

2. Difficulty in Identifying Skills from Hobbies:
Many individuals are unaware of how the skills they
develop through personal interests can translate into
professional strengths. Existing tools do not
effectively map hobbies to valuable skills, creating a
gap in self-awareness and career planning.

3. Limited Insights for Personal Growth and
Career Development: Without adaptive, personalized
feedback, users struggle to identify opportunities for
growth and skill enhancement. This limits their ability
to make informed decisions about their personal and
professional trajectories.

Objectives

This research aims to address these challenges by
developing an Al-based adaptive skill assessment
system that uses natural language processing (NLP)
and machine learning techniques. The primary
objectives of the system are:

Designing an Al Model for Personalization: The
system will dynamically generate personalized
questions based on the user’s hobbies and interests,
ensuring relevance and engagement. This will be
achieved using state-of-the-art NLP models capable of
understanding and generating human-like text.

1. Mapping Skills to Interests Using Al: The
system will interpret user-provided information on
hobbies and map it to relevant skills using advanced
machine learning algorithms. This approach will

uncover hidden skills and demonstrate their
applicability in real-world scenarios.
2. Providing  Adaptive Feedback  for

Development: The system will continuously analyze
user responses and offer personalized, actionable
feedback. This will guide users on how to develop

their skills further and explore new career
opportunities, making the assessment process a
valuable tool for lifelong learning

LITERATURE REVIEW
Limitations of Traditional Assessments

Research has shown that traditional personality and
skill assessments are often inadequate in providing
accurate and personalized insights. They are limited in
scope, focusing on predefined questions and rigid
categorizations that do not evolve over time.

Advances in Adaptive Systems

Adaptive learning systems and assessments have
gained attention in recent years. These systems adjust
in real-time based on useinput and performance,
employing machine learning and Al techniques.
However, there is limited research on systems that
dynamically generate questions tailored to personal
interests and hobbies, particularly for skill assessment.

METHODOLOGY

The methodology for the Al-based dynamic skill
assessment model described in this paper leverages
advanced technologies such as Natural Language
Processing (NLP), Machine Learning (ML), Deep
Learning (DL), and Knowledge Representation to
dynamically generate questions based on the user's
skill level and area of expertise. Below is a detailed
breakdown of the steps involved in building and
implementing the model, from user data collection to
question generation.

System Design and Architecture:

The overall system is designed as a feedback loop,
where the Al model continuously adapts to the user's
performance, adjusts the question generation process,
and builds a user profile over time. The system
architecture consists of the following modules:

User Input Processing Module: This module processes
the user’s inputs (answers to the questions or
responses during the assessment).

Data Collection and Profiling Module: Gathers user
performance data, tracks responses, and continuously
updates the user's skill profile.

Question Generation Engine: Generates questions
based on the user’s profile, domain knowledge, and
complexity level.
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Feedback and Adaptation Module: Provides real-time
feedback and adjusts the difficulty and type of
questions dynamically based on the
performance.

user’s

Data Collection and User Profiling:
1. User Data Collection

The system collects data from various sources,
including:

User’s History: Previous answers to similar questions.

Response Time: Time taken to answer a question,
which helps in determining the user's expertise.

Incorrect Responses: Patterns in mistakes to identify
areas that need improvement.

2. User Profiling

Skill Level Identification: Based on historical data, the
system categorizes users into different skill levels,
such as beginner, intermediate, or expert.

Personalized Learning Path: A personalized skill
development plan is created, including areas of focus
based on weaknesses identified during previous
interactions.

Dynamic Profiling: The user profile is updated in real-
time as the user progresses through the assessment.

Natural Language Processing (NLP) for Question
Generation

1. Text Preprocessing:

To generate and understand contextually appropriate
questions, the following NLP preprocessing
techniques are applied:

Tokenization: Splitting sentences into words or
phrases to analyse their structure.

Stop word Removal: Filtering out common words
(e.g., "the," "is," "in") that don't contribute much to the
meaning.

Stemming/Lemmatization: Reducing words to their
root forms (e.g., "running" becomes "run").

2. Named Entity Recognition (NER):

NER is used to extract key entities from the user's
answers, such as locations, names, dates, or technical

terms. This helps identify relevant topics and concepts
for generating domain-specific questions. For
instance, if a user answers a question about a specific
programming language or historical event, the system
will use this data to create more targeted follow-up
questions.

3. Sentence Parsing and Dependency Parsing:

Sentence parsing helps understand the grammatical
structure of the input. This allows the system to
generate grammatically correct questions based on
context. Dependency parsing helps identify the
relationships between words in a sentence, allowing
the generation of questions that maintain logical
coherence.

4. Semantic Understanding:

NLP models like **BERT (Bidirectional Encoder
Representations from Transformers)** or **GPT
(Generative Pre-trained Transformer)** are used to
understand the deeper meaning of the user’s
responses. These models generate contextually
relevant questions, ensuring the dynamic and adaptive
nature of the system.

Question Generation Process:
1. Topic ldentification:

The system identifies the domain and topic based on
the user's response, prior knowledge, and skill level.
This process involves:

Knowledge Base Integration: The system integrates
with a predefined knowledge base or domain-specific

ontologies (e.g., a programming language,
mathematical concepts, historical events) to
understand the relevant topics.

Ontology-Based Question Generation: By using

ontologies (structured knowledge representations), the
system generates domain-specific questions. For
example, if the topic is "Computer Networks," the
system will pull questions related to protocols,
security, and networking concepts.

2. Question Formulation Techniques:

Once the topic is identified, the system utilizes the
following techniques for generating questions:

Template-based Generation: The system uses pre-
defined templates that are filled in with specific terms
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and concepts relevant to the user’s skill level and the
identified topic For instance, "What is the difference
between [concept 1] and [concept 2]?"

Sequence-to-Sequence Models: Sequence-to-
sequence models (e.g., using RNNs or transformers)
are used to generate new question types that match the
user’s performance history. These models are trained
on a large corpus of question-answer pairs to generate
natural language questions.

Randomization and Variability: To avoid repetition
and maintain engagement, the system introduces
randomness into the question generation process by
varying the structure and terminology used in each
question.

3. Question Difficulty Adjustment:

The complexity of the generated questions is
dynamically adjusted based on the user's performance.
For example:

Difficulty Levels: If the user answers a question
correctly, the next question may be slightly more
difficult (e.g., more technical or challenging).

Topic Relevance: If the user struggles with a particular
topic, the system may reduce the complexity of
questions related to that topic or shift focus to other
areas in the domain.

4. Dynamic Feedback Loop:

The feedback loop continuously adjusts the question
generation process based on real-time feedback from
the user’s answers. Machine learning algorithms,
especially Reinforcement Learning (RL), are
employed to improve the model over time:

Positive Feedback: Correct answers are rewarded by
increasing the complexity of questions, encouraging
the user to expand their knowledge.

Negative Feedback: Incorrect answers are followed by
simpler questions or hints to guide the user toward a
correct understanding.

Machine Learning for  Personalization and

Performance Tracking:
1. Clustering and User Segmentation:

Clustering algorithms such as K-Means or DBSCAN
are employed to group users based on their
performance. By segmenting users into clusters, the

system can tailor the difficulty level and type of
questions. For example:

Beginner Cluster: Simplified, foundational questions.

Intermediate Cluster: More complex questions
requiring deeper understanding.

Expert Cluster: Advanced questions designed to test
specialized knowledge.

2. Reinforcement Learning (RL):

Reinforcement  learning models improve the
adaptability of the system. These models reward the
system for making correct predictions about a user’s
skill level and adjusting the complexity of questions
appropriately. Over time, the system learns the most
efficient way to assess each user’s knowledge.

3. Collaborative Filtering:

Collaborative filtering is used to personalize the
question set by learning from similar users. For
instance, if users with similar skill levels and
performance patterns answer questions in a similar
way, the system can predict and generate questions
that have worked well for other users in the same
cluster.Evaluation and Feedback Mechanism:

The system continuously evaluates the effectiveness
of the dynamically generated questions using the
following metrics

Accuracy: Evaluating whether the questions
accurately represent the user’s skill level and
knowledge domain.

Engagement: Measuring how actively the user
interacts with the system, such as the time taken to
answer questions and the number of questions
answered.

Learning Progress: Tracking improvements in the
user’s performance over time, adjusting the difficulty
of questions to match their growth.

Feedback Generation: After completing each
assessment, users are provided with real-time
feedback, including areas where they excelled and
areas that need improvement.

Real-World Applications and Use Cases:

The Al-based dynamic skill assessment model has
numerous real-world applications, including:
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Education: Personalized learning environments where
students can receive tailored quizzes and assessments
based on their progress.

Corporate Training: Companies can assess employee
skills and knowledge dynamically, identifying areas
for improvement and offering targeted training
programs.

Certification Exams: Providing dynamically generated
certification exams where the difficulty adapts based
on prior performance, ensuring a fair and precise
evaluation.

Proposed system:

The proposed system aims to provide an Al-powered
dynamic skill assessment platform that generates
personalized questions in real-time, adapting to the
user's knowledge level and learning progress. By
utilizing Natural Language Processing (NLP),
Machine Learning (ML), and Deep Learning (DL)
algorithms, the system can offer an interactive and
engaging assessment experience that is highly
personalized and capable of accurately evaluating a
user's skills.

1. System Overview:
The system consists of the following key modules:

1. User Profile and Data Collection: Collects
data on the user’s performance, responses, and
historical interactions to build a dynamic user profile.
2. Natural Language Processing (NLP) Engine:
Processes user inputs to extract meaningful
information and generates contextually relevant
questions.

3. Machine Learning Engine: Utilizes ML
algorithms to assess user performance, adapt the
complexity of questions, and continuously personalize
the user experience.

4, Dynamic Question Generation Engine:
Generates questions based on the user profile,
including the domain of knowledge, skill level, and
previous interactions.

5. Real-time Feedback System: Provides
feedback on the user’s performance, highlights
strengths and weaknesses, and offers personalized
recommendations for improvement.

6. User Interface (Ul): A responsive and
intuitive interface through which the user interacts
with the system, answers questions, and receives
feedback.

2. Core Components and Their Functionality:
2.1. User Profile and Data Collection:

. Profile Creation: Upon the first interaction,
the user is required to provide basic information (e.g.,
domain of interest, education level, etc.). Over time,
the system tracks user responses, performance metrics,
and time spent on each question.

. Performance Data: Continuous tracking of
the user’s accuracy, time taken, and difficulty level of
questions answered. The system stores this data to
update the user profile dynamically.

. Feedback Collection: The system gathers
user feedback on the difficulty and clarity of questions,
which is used to refine question generation.

2.2. Natural Language Processing (NLP) Engine:

. Question Understanding: The NLP engine
analyzes the user’s responses to better understand their
proficiency. It extracts relevant keywords and entities
(e.g., technical terms, names, concepts) using Named
Entity Recognition (NER).

. Contextualization: The engine understands
the context of the user’s responses by using models
like BERT or GPT. This understanding helps generate
follow-up questions based on previous answers.

. Question Generation: The NLP engine
formulates grammatically correct and contextually
relevant questions based on the user’s skill level and
knowledge. The engine may use template-based
generation or sequence-to-sequence models to
generate new and diverse questions.

2.3. Machine Learning (ML) Engine:

. Skill Level Estimation: The ML engine
assesses user skill levels based on their past
performance. It uses clustering algorithms such as K-
Means to categorize users into beginner, intermediate,
or expert groups, ensuring that questions are
appropriately challenging.

. Personalized Learning Path: The ML engine
tracks user progress and adjusts the question difficulty
accordingly. It can apply Reinforcement Learning
(RL) to adjust question difficulty in real-time based on
previous responses, reinforcing correct answers and
providing easier questions when the user struggles.
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. Performance Prediction: The system uses
predictive models to anticipate how likely the user is
to answer a question correctly, adjusting the question's
difficulty to maintain an optimal challenge level.

2.4. Dynamic Question Generation Engine:

. Ontology-Based  Generation: For each
domain (e.g., programming, history, mathematics), the
system uses predefined ontologies to ensure questions
are relevant. The system builds a knowledge graph to
link concepts and generate related questions.

) Template-Based and Generative Techniques:
The system uses a mix of template-based question
structures (e.g., “What is the definition of [concept]?”)
and generative models like transformers (e.g., GPT-3)
to create novel and dynamic question formats.

. Adaptive Question Complexity: The system
adjusts the complexity of the questions based on the
user’s responses. It takes into account factors like the
correctness of the answer, time taken, and the user’s
skill profile to determine the appropriate question
level.

2.5. Real-Time Feedback System:

) Performance Feedback: After each question,
the system provides immediate feedback to the user
about whether their answer was correct and why,
offering suggestions for further learning if needed.

) Skill Gap Analysis: Based on a user’s
performance on specific topics or questions, the
system identifies knowledge gaps and suggests areas
for improvement.

. Continuous Learning Recommendations:
The system recommends additional resources,
tutorials, or practice questions based on the user’s
performance and areas where they need improvement.

2.6. User Interface (Ul):

. Responsive Design: The Ul is designed to be
intuitive and user-friendly, providing a seamless
experience across different devices (e.g., desktop,
mobile).

. Interactive Elements: The system uses visual
elements (e.g., progress bars, difficulty indicators) to
keep the user engaged. Interactive charts and graphs
provide insights into the user’s learning progression
and performance.

o User-Centric Navigation: The user can easily
navigate through the system, view their progress, and
access feedback. The interface adapts to the user’s
preferences, allowing them to set goals, track
milestones, and review past performance.

3. Question Generation Process:

The question generation process is divided into the
following steps:

3.1. Topic Identification:

. User Input Processing: The system identifies
the domain and relevant topics based on the user’s
input and skill level. For example, in a programming
test, if a user answers questions related to loops
correctly, the system may ask more advanced
questions on algorithms.

. Content Mapping: Using domain ontologies,
the system maps the user’s responses to topics and
generates questions that align with the identified
subject area.

3.2. Dynamic Difficulty Adjustment:

. Adaptive Question Difficulty: The system
adjusts the difficulty of the questions based on real-
time user performance. The difficulty is measured in
terms of:

. Conceptual Depth: Deeper understanding of
a topic (e.g., theory vs. implementation).

) Answer Accuracy: Correct answers lead to
more challenging questions.

. Time Taken: Longer time spent on questions
indicates a need for simpler questions.

3.3. Question Type Diversification:

. The system generates different types of
questions  (e.g., multiple-choice, short-answer,
true/false) to prevent user fatigue and improve
engagement.

. Randomization and Novelty: The question
set is randomized to avoid repetition, ensuring that
each assessment is unique.

4. Integration with Machine Learning:
4.1. Clustering and Personalization:

Using clustering algorithms like K-Means or
DBSCAN, the system segments users into different
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performance groups based on their answers. This
allows the system to personalize the question set
further by adjusting the difficulty and topic coverage
for each user group.

4.2. Reinforcement Learning (RL) for Adaptive
Assessment:

RL models help refine the system’s ability to adjust
the difficulty of questions dynamically. The system
learns the most effective way to engage the user and
guide them toward the correct answers by adjusting
question complexity based on real-time feedback.

5. Real-World Applications of the Proposed System:

) Education: Personalized assessments for
students, where questions adapt to the student's
knowledge and learning pace, providing a tailored
learning experience.

. Corporate Training: Corporations can use the
system to assess and train employees by providing
dynamic and contextually relevant questions based on
their roles and experience level.

. Certification Programs: Certification exams
can be generated dynamically, where the difficulty
adjusts based on prior answers, providing a fair and
balanced evaluation of skills.

Algorithm and Calculations:
1.1. Named Entity Recognition (NER):

Purpose: Identifies and classifies entities such as
names, dates, concepts, and locations from the text.

Algorithm: Conditional Random Fields (CRF) or
BERT (Bidirectional Encoder Representations from
Transformers).

Mathematical Calculation (NER using CRF): For a
given sequence of words wl,w2,...wTw_ 1, w 2,
\dots, w_Twl,w2,....wT, we need to find the most
likely sequence of labels y1,y2,...,yTy 1,y 2, \dots,
y_Tyly2,...,yT, where each yiy_iyi corresponds to an
entity label.

The CRF model calculates the probability for the
sequence of labels as follows:

exp (Zgr_l Zk gl:fk(yh'yt—h wr,))

Z('wl-'wb‘ . -wT)

Py, v2,-- -, yrlwy, wa, ..., wr) =

1.2. Sentence Parsing (Syntax and Dependency
Parsing):

Purpose: Analyzes sentence structure to understand
the relationships between words (subjects, predicates,
objects).

Algorithm:  Shift-Reduce
Dependency Parsing.

Parsing or Spacy’s

Mathematical Calculation: Dependency parsing aims
to find a tree structure that represents grammatical
relations. The model uses Stanford’s Dependency
Parsing with Maximum Spanning Tree (MST) to
compute the highest likelihood parse.
Maximize P(T |wy, ws, ..., wy)
Where T is the tree representing the syntactic

structure, and wl,w2,...,wTw_1, w_2, \dots, w_Twl
W2,...,wT are the words in the sentence.

1.3. Semantic Understanding (using BERT or GPT):

Purpose: Understands the meaning of the text in
context, crucial for dynamic question generation.

Algorithm: BERT (Bidirectional Encoder
Representations from Transformers) or GPT-3.

Mathematical Calculation (BERT Encoding): The
transformer architecture used in BERT computes the
contextualized embeddings H=[h1,h2,....h-T]H=[h_1,

h_ 2, \dots, h_T]H=[h1,h2,...,hT] of the input
sequence using the following:
H=TransformerEncoder(X)

2. Machine Learning (ML) Algorithms:

2.1. K-Means Clustering for Skill Level

Classification:

Purpose: Classifies users into different skill levels
(beginner, intermediate, expert) based on their
performance.

Algorithm: K-Means Clustering.

Mathematical Calculation: The K-means algorithm
partitions data points X={x1,x2,....xn}X = \{ x_1,
X_2, \dots, x_n \}X={x1,x2,...,xn} into KKK clusters
by minimizing the sum of squared distances between
data points and their assigned cluster centroids.
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2.2. Reinforcement Learning (RL) for Dynamic
Question Difficulty Adjustment:

Purpose: Adjusts question difficulty dynamically
based on user performance.

Algorithm: Q-Learning (Off-Policy RL).

Mathematical Calculation (Q-Learning Update Rule):
Q-learning is a model-free algorithm that learns the
value of actions in a given state sss. It updates the
action-value function Q(s,a)Q(s, a)Q(s,a) based on the
reward received from the environment and the
estimated future rewards.

Q(s1,00) « Qo) +  (res +y max Q(sir1, @) — Qs ar))

3. Dynamic Question Generation Algorithm:
3.1. Template-Based Question Generation:

Purpose: Generates standardized question templates
for various domains.

Algorithm: Template Matching.

Mathematical Calculation: For a given concept ccc
(e.g., “what is the definition of [concept]?”), a set of
templates T={T1,T2,...,Tn}T = \{ T_1, T_2, \dots,
T n\}T={T1,T2,...,Tn} is used to generate questions.
The probability of a particular template TiT_iTi is
computed as:

P(Ti[c) — Count of matches between template and concept

Total number of templates

3.2. Sequence-to-Sequence Model (e.g., GPT-3) for
Generating Novel Questions:

Purpose: Generates new, novel questions based on
user input and context.

Algorithm: Seq2Seq Models (e.g., GPT-3, T5).

Mathematical Calculation:  Sequence-to-sequence
models like GPT-3 learn to predict the next token in a
sequence. The model computes the probability
distribution over the next word wt+lw_ {t+1}wt+1
given the previous words wl,w2,... . wtw 1, w 2,
\dots, w_twl,w2,...,wt:

exp(hiwi+1)
> exp(hw)

P(wf+1|w11 Way ..y ’{‘.U;) =

4. Feedback System and User Profiling:
4.1. Weighted Performance Metric for User Profiling:

Purpose: Tracks wuser progress and evaluates
performance based on a weighted scoring system.

Mathematical Calculation: Each user’s score can be
calculated using a weighted average of their
performance on different aspects (accuracy, time,
difficulty level):

w X A+we xT +wyg xD

wy + wa + ws

Suser —

CONCLUSION

The Al-based dynamic skill assessment model
outlined in this paper presents a cutting-edge approach
to personalized learning and skill evaluation. By
leveraging advanced technologies such as Natural
Language Processing (NLP), Machine Learning (ML),
and Deep Learning (DL), the system offers a dynamic,
adaptive, and interactive platform for assessing user
skills across a wide range of domains.

The system operates in a feedback-driven loop where
it continuously adapts to the user’s performance,
dynamically adjusting the difficulty and relevance of
questions based on their responses, skill level, and
learning progress. Through the User Profile and Data
Collection Module, the system gathers valuable data
on the user’s historical responses, time taken to
answer, and accuracy, building a robust profile that
informs the question generation process.

The NLP Engine plays a pivotal role in understanding
user inputs and generating grammatically correct,
contextually relevant questions. It utilizes techniques
like Named Entity Recognition (NER), Sentence
Parsing, and Semantic Understanding through state-
of-the-art models like BERT and GPT. These models
enable the system to generate follow-up questions and
adapt in real time to the user's expertise.

The Machine Learning Engine integrates algorithms
like Clustering (e.g., K-Means) and Reinforcement
Learning (RL) to track user progress, classify their
skill level, and adjust the complexity of questions
dynamically. By segmenting users into clusters based

IJIRT 169567 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 1622



© November 2024 | 1JIRT | Volume 11 Issue 6 | ISSN: 2349-6002

on performance, the system can deliver tailored
assessments that are neither too easy nor too difficult,
promoting an optimal learning experience. Moreover,
the continuous learning capabilities of the system
allow it to predict the most effective path for each user,
adjusting the difficulty in real-time based on
responses, feedback, and predictive models.

The Dynamic Question Generation Engine is at the
heart of the system, generating questions based on a
detailed understanding of the user’s skill profile and
domain-specific knowledge. By using template-based
generation and sequence-to-sequence models, the
system is able to create novel, diverse, and highly
personalized questions. The use of ontology-based
generation ensures that questions are domain-relevant
and up-to-date, allowing the system to adapt to a wide
variety of subjects and disciplines.

Furthermore, the Real-Time Feedback System plays
an essential role in ensuring that the user remains
engaged throughout the assessment. The feedback is
not only limited to correctness but also includes
personalized insights into areas that need
improvement, thereby guiding the user’s learning
journey. As users progress, the system continually
adjusts to their performance, providing a smooth and
adaptive learning curve that maximizes knowledge
retention and skill development.

This Al-based model has vast potential across various
domains, such as education, corporate training, and
professional  certification exams. It  offers
personalized, scalable, and adaptive assessment
solutions that cater to individual learning styles and
proficiency levels. The model’s integration of cutting-
edge Al techniques guarantees that users receive a fair,
accurate, and challenging evaluation of their skills,
promoting continuous growth and improvement.

In conclusion, the proposed system represents a
significant step forward in Al-driven education and
skill assessment. By combining NLP, ML, and DL
techniques, the system offers a highly adaptive,
personalized, and efficient approach to assessing and
enhancing user skills. As the system evolves with
more data and user interactions, its ability to provide
highly relevant and dynamic assessments will only
improve, contributing to the future of personalized
learning and skill evaluation. Through this innovative
approach, the system paves the way for more effective,
individualized learning experiences that align with the

evolving needs of modern education and training
landscapes.

This conclusion summarizes all the core components
and features of the Al-based skill assessment model,
reflecting the detailed points discussed in previous
sections. It emphasizes the technical advancements of
the system and its potential applications across various
fields.
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