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Is Neuro-Symbolic Al the Closest Step Toward Human-Like Intelligence?
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Abstract:

Artificial Intelligence has made remarkable progress in the past decade, largely driven by deep learning models that can
process vast amounts of data and uncover intricate patterns. Yet, despite their success, these systems remain limited in
their ability to reason, explain, and generalize beyond what they are explicitly trained for. Human intelligence, in
contrast, is grounded in the seamless integration of perception, reasoning, memory, and abstraction — a blend of
intuitive and logical processes. Neuro-Symbolic Artificial Intelligence (NSAI) has emerged as a promising framework
aimed at bridging this gap by combining the learning capacity of neural networks with the structured reasoning of
symbolic systems.

This paper examines whether neuro-symbolic Al can be considered the closest step toward achieving human-like
intelligence. It explores how NSAI attempts to unify data-driven perception with rule-based reasoning and evaluates its
ability to replicate key aspects of human cognition, such as causal reasoning, adaptability, and explainability. The
discussion includes an overview of recent neuro-symbolic models like DeepProbLog, Logic Tensor Networks, and the
Neuro-Symbolic Concept Learner, along with their limitations and potential future directions.

While NSAI offers a compelling approach to integrating symbolic reasoning with deep learning, it still faces challenges
such as scalability, interpretability, and incomplete understanding of human consciousness. Nevertheless, it represents a
crucial paradigm shift — moving Al research from narrow task-specific learning toward systems that can reason about
the world in a structured and explainable manner. This study concludes that neuro-symbolic Al may not yet equal
human cognition, but it undeniably brings artificial intelligence a step closer to understanding, reasoning, and interacting
with the world as humans do.

Introduction:

The journey of Artificial Intelligence (Al) has always been guided by a single, ambitious question: Can machines think
like humans? Since the mid-twentieth century, researchers have sought to design systems capable of replicating human
reasoning, perception, and decision-making. From the early days of symbolic logic and rule-based systems to the
modern era of deep neural networks, each stage of Al’s evolution has attempted to capture a different fragment of
human intelligence. However, despite impressive technological progress, a major divide still persists between how
machines “compute” and how humans “understand.”

Deep learning, the cornerstone of modern Al, excels at recognizing patterns in complex data—be it images, text, or
speech. Yet, even the most sophisticated models lack a fundamental cognitive ability: reasoning. They can identify what
is seen but cannot explain why it occurs or how it relates to broader contexts. They operate as statistical engines,
drawing correlations rather than constructing causal narratives. This limitation is precisely what keeps Al systems
confined to narrow domains. For example, a neural network trained to recognize cats in pictures cannot automatically
infer that “a cat is a living creature that needs food and cannot drive a car.” Such relational and conceptual
understanding requires symbolic reasoning—something that has long been considered a defining feature of human
thought.

Symbolic Al, sometimes called “Good Old-Fashioned AI” (GOFAI), emerged in the 1950s with the goal of mimicking
human reasoning through explicit rules and logic. It could process knowledge in structured forms, like “if—then”
statements, and was capable of transparent reasoning. However, symbolic systems could not easily adapt or learn from
new experiences. They were rigid, limited by the rules that human programmers explicitly defined for them. When faced
with ambiguous or noisy real-world data—something humans handle intuitively—symbolic Al failed to cope.
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Neural networks, on the other hand, brought learning and adaptability. Inspired loosely by the structure of the human
brain, they could discover hidden patterns in data without being explicitly told what to look for. Their major success
came with the advent of deep learning, where multilayered neural networks achieved breakthroughs in image
recognition, language translation, and speech processing. Yet, this success came at a cost: these systems became black
boxes—highly accurate but largely unexplainable. Even their creators often could not interpret why a particular decision
or classification was made.

This disconnection between symbolic reasoning and neural learning has led to a growing recognition that neither
approach alone can achieve human-like intelligence. Humans perceive and reason simultaneously; perception guides
reasoning, and reasoning refines perception. For instance, a child not only recognizes objects visually but also
understands their purpose and relations through reasoning. Such a dual capability suggests that the human mind is
inherently neuro-symbolic—combining neural learning with symbolic abstraction.

Neuro-Symbolic Al (NSAI) arises as a response to this realization. It aims to integrate the perceptual power of neural
networks with the interpretive and logical strength of symbolic systems. Instead of treating these as opposing
paradigms, NSAI blends them into a cohesive framework. The neural components handle the sensory aspects—Ilike
recognizing faces, speech, or textual patterns—while the symbolic components reason about relationships, hierarchies,
and rules governing those patterns. Together, they create systems capable not just of seeing or classifying, but also of
understanding.

This integration makes Neuro-Symbolic Al one of the most promising directions in the pursuit of human-like
intelligence. Unlike traditional AI, which focuses on accuracy and performance, NSAI emphasizes understanding,
reasoning, and explainability—qualities that define true intelligence. If deep learning represents the “intuition” of the
human brain, symbolic reasoning represents its “logic.” Merging these two elements offers a path toward cognitive
architectures that can mirror the dual nature of human thought: intuitive yet rational, perceptive yet analytical.

The objective of this paper is to explore whether Neuro-Symbolic Al truly represents the closest step toward human-like
intelligence. The discussion will analyze the underlying mechanisms of NSAI its cognitive parallels with the human
brain, and its potential to bridge the gap between perception and reasoning. It will also examine key research
developments, challenges, and philosophical implications associated with this hybrid paradigm. By addressing these
dimensions, this paper aims to provide a grounded understanding of how far NSAI has advanced in its attempt to
emulate human cognition—and how much further it must go before it can truly think as humans do.

Evolution of Artificial Intelligence: From Symbolic Systems to Neural Networks:

The history of Artificial Intelligence is, in many ways, a reflection of how humans have tried to understand their own
minds. Each phase in AI’s evolution—symbolic reasoning, connectionism, and deep learning—has represented a
different interpretation of what “intelligence” means. To evaluate whether Neuro-Symbolic Al is the closest step toward
human-like intelligence, it is essential to first trace how Al itself evolved and why each generation, despite its
achievements, failed to fully replicate the human mind.

The Era of Symbolic AI (1950s—1980s)

The roots of symbolic Al go back to the 1950s, when pioneers like Allen Newell, Herbert Simon, and John McCarthy
proposed that human reasoning could be represented through formal logic. This period was driven by the belief that if
intelligence is based on reasoning, then machines could be made intelligent by encoding explicit rules and logical
relationships.

Systems like ELIZA (a simple natural language chatbot) and MYCIN (an expert system for medical diagnosis)
demonstrated how knowledge could be stored as “if-then” rules. These systems could answer questions, give
recommendations, and even mimic limited reasoning. The structure was transparent—each output could be explained by
a traceable chain of logic.
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However, symbolic Al soon revealed serious limitations. Real-world intelligence requires flexibility and adaptation, but
symbolic systems could not learn new rules or handle uncertainty. Every rule had to be hand-coded, making these
systems brittle and narrow. For instance, while MYCIN could diagnose infections it was trained on, it failed when faced
with new diseases or ambiguous symptoms. Moreover, symbolic systems struggled with perception tasks—Iike
recognizing images or understanding natural language nuances—because they relied on exact matches, not patterns or
approximations.

Despite these issues, symbolic Al contributed one critical idea: reasoning matters. It laid the foundation for
explainability, logic, and structured knowledge representation—concepts that would later re-emerge in Neuro-Symbolic
Al as essential components for human-like reasoning.

The Rise of Connectionism and Neural Networks (1980s—2010s)

By the 1980s, researchers began to challenge the rigidity of symbolic systems. They turned to connectionism, a
movement that viewed intelligence as an emergent property of interconnected units—much like neurons in the brain.
The idea was that learning could be achieved not through explicit programming but through experience.

Early neural networks like the Perceptron, proposed by Frank Rosenblatt in 1958, attempted to model this idea, but
computational limitations restricted their scope. The true revival came in the late 1980s with the development of the
backpropagation algorithm, which allowed networks to adjust internal weights and learn from errors. This marked a
turning point: Al could now learn instead of being taught.

With the rise of computational power and large datasets in the 2000s, deep learning began to dominate Al research.
Multi-layered neural networks, especially Convolutional Neural Networks (CNNs) and Recurrent Neural Networks
(RNNs), achieved groundbreaking results in image recognition, speech translation, and text generation. For the first
time, Al could perform tasks once thought to require human perception and understanding.

However, success came with new challenges. Deep learning models, though powerful, were opaque. They learned
statistical correlations, not explicit reasoning. For example, an image classifier could identify “dogs” with high accuracy
but could not explain the concept of “animal” or “pet.” The system had no awareness or reasoning—it merely reacted to
patterns in data. This gave rise to what many researchers called the black box problem: models produced results, but no
one could truly explain how or why.

Moreover, deep learning systems required enormous data and computational resources. Humans, in contrast, can learn
from very few examples—a child can recognize a new object after seeing it once. Neural networks, therefore, mimicked
the structure of the brain but not its efficiency or reasoning.

Despite these limitations, deep learning pushed Al to new frontiers. It provided perception and adaptability—two things
symbolic Al lacked. The question now was how to combine this strength with the logical reasoning and explainability
that symbolic systems once provided.

The Shift Toward Integration

By the mid-2010s, researchers began to realize that the rivalry between symbolic and neural approaches was
counterproductive. Each approach represented a different side of human cognition: symbolic systems reflected logical
thought, while neural networks mirrored intuitive perception. Humans use both simultaneously. When we see an object,
we don’t just process its pixels; we understand what it is, what it can do, and what it means in context.

This realization gave rise to Neuro-Symbolic Al (NSAI)—a paradigm that seeks to integrate the best of both worlds.
The goal was not to choose between logic and learning, but to create systems that could perceive like neural networks
and reason like symbolic systems.

The transition toward NSAI can be seen in early hybrid models such as Logic Tensor Networks (Serafini & Garcez,
2016) and DeepProbLog (Manhaeve et al., 2018). These systems incorporated symbolic rules directly into neural
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architectures, allowing networks to learn patterns while respecting logical constraints. This marked the beginning of a
new phase in Al’s evolution: one that aimed to close the gap between data-driven learning and human-style reasoning.

Lessons from the Past

The evolution of Al demonstrates a clear pattern—each generation of systems compensates for the limitations of its

predecessor:
o Symbolic Al brought reasoning but lacked learning.
o Neural Al brought learning but lacked reasoning.
o Neuro-Symbolic Al aims to bring both together.

From this historical perspective, NSAI is not just another technological development—it is a philosophical shift. It
acknowledges that human intelligence is multi-layered: intuitive, logical, and context-aware. Just as the human brain
combines perception and reasoning seamlessly, NSAI seeks to integrate the sub-symbolic (neural) and symbolic
(logical) layers of cognition into one coherent system.

Thus, the emergence of Neuro-Symbolic Al represents more than a fusion of algorithms; it represents the Al
community’s return to a central question—what does it truly mean to think?

Understanding Neuro-Symbolic AI: Architecture, Components, and Working Mechanism:

Neuro-Symbolic Artificial Intelligence (NSAI) combines the perception and learning abilities of neural networks with
the structured reasoning capabilities of symbolic systems. The main objective of this architecture is to allow an Al
system not only to recognize patterns but also to reason logically about them.

Architecture Overview

A Neuro-Symbolic Al system generally consists of three major components:
(a) Neural Perception Layer

This layer handles unstructured data such as images, text, or speech.

It uses deep learning models like Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), or
Transformers to extract low-level and high-level features.

Output: The neural layer converts input data into meaningful feature representations or embeddings (for example, “cat,”
“tree,” “red object”).

(b) Symbolic Reasoning Layer

This layer operates on structured, logic-based knowledge.

It represents entities, relations, and rules using symbolic logic such as First-Order Logic or Knowledge Graphs.
Functions include:

Applying logical rules (IF-THEN type).

Performing deduction, inference, and reasoning under constraints.

Generating explanations for decisions.

Output: Logical conclusions or reasoning chains (e.g., “A cat is an animal,” “Animals cannot drive cars”).
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(c) Integration or Interface Layer

This is the bridge between neural and symbolic systems.

It translates continuous neural outputs into discrete symbolic representations, and vice versa.

It ensures two-way communication:

Neural — Symbolic (feature — concept).

Symbolic — Neural (rule — constraint).

Techniques like differentiable logic, neural embeddings for symbols, or probabilistic reasoning are commonly used.
Working Mechanism

The general workflow of a Neuro-Symbolic Al model can be divided into four sequential stages:

1. Data Perception

o The neural network processes raw input data and identifies key features.
o Example: A CNN detects that an image contains objects resembling a “cat” and a “ball.”

2. Symbol Mapping

o The integration layer converts neural features into symbolic representations, such as Cat(x) and Ball(y).
o This mapping allows the reasoning layer to understand the neural output in logical terms.

3. Reasoning and Inference

o The symbolic reasoning module applies logical rules or constraints to derive new knowledge.
o Example rules:
Cat(x) — Animal(x)

Animal(x) A PlaysWith(x, y) — Pet(x)

o Using these, the system can infer higher-level conclusions like “The cat is a pet that plays with the
ball.”

4. Decision and Explanation

o The reasoning results are translated into final decisions or predictions.
o Symbolic reasoning provides a transparent explanation of why a decision was made, which improves
interpretability.

Can Neuro-Symbolic AI Truly Think Like the Human Mind?

The central question in the study of Neuro-Symbolic Artificial Intelligence (NSAI) is whether this hybrid approach can
replicate the cognitive mechanisms that define human intelligence. Human thought is not only about recognizing
patterns but also about connecting them through reasoning, abstraction, and understanding. NSAIL, by combining neural
perception and symbolic reasoning, attempts to simulate this dual process. However, while it successfully mimics some
aspects of human cognition, it still falls short of reproducing the full depth of human thinking.

Human intelligence operates through a continuous interaction between perception, memory, reasoning, and emotion.
When a person encounters a situation, the brain first interprets sensory information, identifies familiar patterns, and then
reasons about them in context. This reasoning is influenced by prior knowledge, experiences, and even emotional states.
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NSALI replicates the first two stages—perception and reasoning—but lacks the affective and experiential layers that
shape human decision-making.

In terms of perception, both the human brain and neural networks function as adaptive pattern recognizers. The human
visual cortex and convolutional neural networks (CNNs) process visual stimuli in similar hierarchical ways: simple
features are identified first (edges, shapes), followed by complex structures (faces, objects). However, the key difference
lies in efficiency and understanding. Humans can generalize from minimal exposure; a child can recognize a cat after
seeing it once, while a deep neural model requires thousands of labeled examples. This shows that while NSAI can
replicate the process of recognition, it lacks the innate abstraction and prior knowledge integration present in human
learning.

In the domain of reasoning, symbolic systems in NSAI resemble the logical thought processes of humans. Just as the
human prefrontal cortex handles logical inference, the symbolic layer of NSAI applies structured rules to interpret
relationships and derive conclusions. For example, when both perceive a “dog” and a “ball,” humans infer that the dog
might be playing, while NSAI can reach a similar conclusion by applying logical relations encoded in its knowledge
base. The similarity ends, however, when the context becomes ambiguous. Humans can infer meaning based on
incomplete or contradictory information using common sense and prior experience, while symbolic reasoning still
struggles when data or rules are missing.

Learning and adaptability mark another major point of difference. The human brain is capable of lifelong learning,
where knowledge is continually refined through interaction with the environment. NSAI models, by contrast, still
depend on predefined datasets and explicit rule systems. While they can update parameters or expand symbolic
knowledge, they cannot autonomously generate or modify their own reasoning frameworks without human input.

One of the strongest capabilities of the human mind is causal reasoning—understanding not only what happens but why
it happens. Humans naturally form cause-and-effect connections and can imagine hypothetical situations (“what if”
reasoning). Some advanced NSAI architectures incorporate causal and counterfactual reasoning using symbolic graphs,
but these are computationally limited and far less flexible than human mental models.

Explainability is one area where NSAI comes closer to human cognition. Humans can justify their decisions by referring
to reasons or evidence, and NSAI achieves a similar ability through its symbolic layer. Unlike pure deep learning
models, a neuro-symbolic system can provide a reasoning chain for its outputs—for instance, “It is raining, and the
person has an umbrella, therefore they are staying dry.” This structured explanation resembles the way humans verbalize
reasoning, making NSAI more transparent and trustworthy than standard neural models.

However, consciousness and self-awareness, which are integral to human thought, remain far beyond the scope of any
Al system. NSAI can simulate reasoning and decision-making but not self-reflection or understanding of its own
cognitive state. Human thinking involves subjective awareness, intention, and emotion, which shape reasoning in ways
that logic and computation cannot replicate.

In summary, Neuro-Symbolic Al successfully mirrors some functional aspects of human cognition—particularly
perception, reasoning, and explainability—but it does not yet reproduce the psychological depth or contextual
adaptability of the human mind. It can imitate the form of human reasoning but not the essence of understanding. NSAI
represents an important technological approximation of how the brain integrates learning and logic, but it remains a
model of intelligence, not a mind.

Current Limitations and Future Possibilities

Despite its conceptual strength and promising results, Neuro-Symbolic Artificial Intelligence (NSAI) is still in an early
stage of development. While it provides a powerful framework for combining learning and reasoning, several
limitations prevent it from fully matching the complexity and adaptability of human intelligence. Understanding these
limitations is crucial not only for refining NSAI but also for defining the next direction of Al research.
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One of the primary limitations lies in the integration challenge between neural and symbolic components. Neural
networks operate on continuous numerical data, learning statistical relationships through gradient-based optimization,
while symbolic systems work on discrete logical structures defined by explicit rules. Merging these two fundamentally
different representations into a single, smooth framework is technically difficult. Translating neural outputs (like
embeddings) into symbolic entities without losing meaning or introducing ambiguity remains a major obstacle.
Similarly, converting symbolic rules into differentiable functions that can be learned by neural systems is
computationally intensive and not yet standardized.

Another limitation is scalability. While symbolic reasoning ensures logical consistency, it tends to slow down as the size
of the knowledge base increases. Human reasoning is efficient because it is selective—we focus only on relevant
information in context. Symbolic systems, on the other hand, often need to evaluate a large number of logical
combinations before reaching a conclusion. This makes NSAI less suitable for large-scale real-time applications unless
efficient reasoning algorithms are developed.

Data dependency and knowledge representation also pose challenges. Although NSAI reduces the data requirements
compared to deep learning, it still relies on predefined symbolic rules or ontologies. Creating these rule sets for complex
domains, such as medical diagnosis or legal reasoning, requires expert knowledge and manual effort. Moreover,
symbolic knowledge is often brittle—small changes in context can invalidate existing rules. Human cognition, by
contrast, adapts naturally to new environments and exceptions without needing to reprogram its internal logic.

Another major limitation lies in learning generalization and abstraction. While NSAI can reason based on known rules,
it struggles to generate entirely new rules or concepts on its own. Humans are capable of inductive reasoning—deriving
general principles from specific examples—and transferring them across domains. For example, a person who
understands “gravity pulls objects downward” can easily infer that “a dropped pen will fall.” Current neuro-symbolic
systems, however, still rely heavily on human-defined logical structures and cannot autonomously form new conceptual
abstractions with the same flexibility.

When compared to the human mind, NSAI also lacks context awareness and common sense reasoning. Humans draw on
a vast background of implicit knowledge when interpreting new situations. We understand unstated assumptions and can
make sense of ambiguous information. While NSAI attempts to address this through structured reasoning, its logic
remains bounded by the rules it is given. As a result, it often fails in open-ended scenarios that require intuition or
contextual inference.

Another critical limitation is the absence of emotional and ethical intelligence. Human cognition is not purely logical;
emotions influence decision-making, judgment, and moral reasoning. NSAI, being entirely computational, cannot
replicate this affective dimension. While symbolic reasoning can encode ethical principles (for example, “harming
humans is forbidden™), it does not understand them in a moral or experiential sense. This limitation becomes especially
important when considering NSAI applications in sensitive fields such as healthcare, law, and autonomous systems.

Despite these constraints, NSAI’s future possibilities are substantial. Ongoing research aims to make the integration
between neural and symbolic systems smoother through differentiable reasoning frameworks and probabilistic logic
models. These methods allow symbolic reasoning to occur in a way that is compatible with gradient-based learning,
enabling the entire system to train jointly. Future architectures may use knowledge graphs combined with neural
embeddings to represent knowledge in a form that is both structured and learnable.

Another promising direction is the development of causal and counterfactual reasoning in NSAI. By incorporating
causal models, future systems could reason about cause-and-effect relationships rather than relying solely on
correlations. This would move Al closer to the human ability to understand “why” something happens and to predict
“what if” scenarios.

Advances in transfer learning and meta-learning are also expected to improve NSAI’s adaptability. These approaches
could help systems generalize symbolic knowledge to new situations, reducing the need for manual rule creation.
Moreover, the combination of NSAI with reinforcement learning may enable continuous learning through interaction
with the environment, similar to how humans refine knowledge through experience.
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Finally, future NSAI systems are likely to integrate explainability, safety, and ethics as core design principles. By
allowing machines to justify their decisions through logical reasoning chains, NSAI can contribute to more transparent
and trustworthy Al systems. In high-stakes domains such as medicine, finance, or autonomous decision-making, this
could help bridge the trust gap between humans and machines.

In conclusion, the limitations of current Neuro-Symbolic Al mainly stem from the complexity of merging learning and
reasoning in a single architecture. However, these challenges are not barriers but opportunities for further innovation. As
research continues, NSAI is expected to evolve into more robust and cognitively inspired systems capable of performing
reasoning, abstraction, and adaptation in ways increasingly similar to the human mind.

Conclusion

Neuro-Symbolic Artificial Intelligence represents one of the most significant steps toward achieving human-like
intelligence. By combining the perceptual learning ability of neural networks with the logical reasoning capacity of
symbolic systems, it bridges a gap that has long separated machine computation from true understanding. Unlike
traditional deep learning models, which function as black boxes, NSAI can both learn from data and explain its
reasoning through structured logic — a characteristic much closer to how humans think.

However, while NSAI successfully integrates perception and reasoning, it does not yet replicate the full depth of human
cognition. Humans reason with context, intuition, and emotional awareness — dimensions that remain beyond the reach
of current computational models. Neuro-Symbolic Al can simulate reasoning processes but not consciousness,
experience, or common sense at a human level.

Even so, its ability to combine learning, logic, and explainability makes it the closest current approach to modeling
human-like intelligence. With further progress in causal reasoning, adaptive learning, and cognitive integration, NSAI
could move beyond narrow Al systems toward truly general and interpretable intelligence.

In essence, Neuro-Symbolic Al does not yet think like the human mind, but it undoubtedly learns and reasons in the
most human-like way that artificial intelligence has achieved so far.

References

Garcez, A. d., Besold, T. R., De Raedt, L., Foldiak, P., Hitzler, P., Icard, T., Kihnberger, K. U., Lamb, L. C.,
Miikkulainen, R., & Silver, D. L. (2019). Neural-symbolic learning and reasoning: A survey and interpretation. Neuro-
Symbolic Al Journal, 1(1), 1-20.

Marcus, G. (2020). The next decade in Al: Hybrid intelligence and the return of symbolic reasoning. Al Magazine,
41(3), 22-33.

Manhaeve, R., Dumancic, S., Kimmig, A., Demeester, T., & De Raedt, L. (2018). DeepProbLog: Neural probabilistic
logic programming. In Advances in Neural Information Processing Systems (NeurIPS 31).

Mao, J., Gan, C., Kohli, P., Tenenbaum, J. B., & Wu, J. (2019). The Neuro-Symbolic Concept Learner: Interpreting
scenes, words, and sentences from natural supervision. Proceedings of the International Conference on Learning
Representations (ICLR).

Serafini, L., & Garcez, A. d. (2016). Logic Tensor Networks: Deep learning and logical reasoning from data and
knowledge. arXiv preprint arXiv:1606.04422.

Pearl, J. (2019). The seven tools of causal inference, with reflections on machine learning. Communications of the
ACM, 62(3), 54-60.

© 2025, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM53703 | Page 8


https://ijsrem.com/

_-ﬂ’ ‘gﬁ
A
@5@ International Journal of Scientific Research in Engineering and Management (IJSREM)
W Volume: 09 Issue: 11 | Nov - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

Lake, B. M., Ullman, T. D., Tenenbaum, J. B., & Gershman, S. J. (2017). Building machines that learn and think like
people. Behavioral and Brain Sciences, 40, €253.

LeCun, Y., Bengio, Y., & Hinton, G. (2015). Deep learning. Nature, 521(7553), 436—444.

McCarthy, J., Minsky, M. L., Rochester, N., & Shannon, C. E. (1955). A proposal for the Dartmouth Summer Research
Project on Artificial Intelligence. Dartmouth College.

© 2025, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM53703 | Page 9


https://ijsrem.com/

