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Abstract: - Machine Learning (ML) has emerged as a transformative force, driving digital innovation and
reshaping industries and societies worldwide. This paper presents a comprehensive exploration of ML, beginning
with its historical foundations and theoretical underpinnings, followed by an overview of its key algorithms and
architectures. Various types of Artificial Neural Networks, including classification and clustering models
implemented in Python, are discussed to provide practical understanding. The study illustrates ML’s versatility
through applications in healthcare diagnostics, financial risk prediction, and automation calibration using IoT
sensor data. These real-world examples highlight how ML integrates theory with practice to address complex
problems. Beyond current applications, the paper also examines emerging trends such as distributed learning,
transparency tools, and on-device personalized training, which are expected to define the next generation of ML
systems. By synthesizing theoretical concepts with experimental insights, this work not only provides a holistic
view of ML’s current impact but also anticipates its potential role in shaping future technologies, industries, and
societal transformations. Ultimately, the study aims to encourage research and innovation in advancing ML-driven
solutions for sustainable progress.
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1. INTRODUCTION

From its early days as a theoretical subject to becoming a key driver of modern technology, machine learning
(ML) has come a long way. It has its roots in the 1940s, when researchers like McCulloch and Pitts developed
models of artificial neurons. The Turing Test was introduced by Alan Turing in 1950 as a method to test machine
intelligence. In the 1950s and *60s, early learning algorithms such as the Perceptron and Arthur Samuel’s checkers
program extended machines that could learn from experience.

Progress moved toward symbolic Al and expert systems in the 1970s and ’80s, but was held back by insufficient
computational force and dashed expectations — the so-called “Al winter.” It resurfaced in the late 1980s due to
back propagation for training multi-layer neural networks, and later due to statistical learning algorithms and the
surge of decision trees and support vector machines. In the 2000s, better data and more powerful computers helped
the rise of machine learning. One major breakthrough was in 2012 with a deep learning model called AlexNet,
which performed very well in image recognition.

Since then, ML has taken off, with deep learning models such as GPT and BERT transforming NLP. ML now
powers so many of the applications we use every day, from voice assistants to diagnostic medical tools, and is
progressing toward more general and ethical forms of artificial intelligence. (Fig. 1).

Machine Learning (ML) developed as an offshoot of the desire to design artificial systems that could learn and
change on their own, without needing explicit programming by humans. Since then, it has made a gigantic leap
from the ground of theoretical concepts to become a major factor of technological innovations in the twenty-first
century. ML, which is at the junction of statistics, computer science, and cognitive science, has not only brought
about significant changes in its academic community but also become a very important driver of the industrial
revolution that has been ongoing all over the world.

The present work is an extensive survey of machine learning, starting with its basic tenets, and its growth in the
current digital world. As a means of introducing its practical usages and future direction, the idea is to explain the
operational frameworks of ML so that the users may get extensively familiar with its ground concepts.

The power of ML for vast changes is its ability to bring in data, find similarities and differences, and take necessary
steps in areas where programming is not possible to be done explicitly. The ML techniques grounded on statistical
modeling and computational algorithms are given the power to do the heavy lifting of processing large datasets,
getting hidden patterns, and streamlining decision-making activities in a manner that was not conceivable before.
Exploring the immense potential of machine learning, its ripple effects in healthcare, finance, automotive,
education, and e-commerce are nothing short of spectacular. The application of ML in these domains is nothing
but spectacular as it enables the betterment of medical diagnostics, financial forecasting, and seamless user
experience personalization. Consequently, efficiency, innovation, and productivity are becoming the norm in
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industries that ML fosters.

Mechanical
system for
statistical
calculations

Fig. 1.1 History of Machine learning

Besides, we are set to trace the future course of ML by assessing breakthroughs in the design of algorithms,
computational infrastructure, and the interdisciplinary connections. With the unrelenting pace of technological
progress, ML is set to conquer uncharted territories—turning industries around and changing our methods of
living, working, and interacting with the planet.

Fundamentally, this manuscript aims to provide an easily understandable and enlightening tour de force in the
realm of machine learning. Besides, it offers an insightful perspective on theoretical grounds, practical
applications, and the future promise—thus, inviting a deeper acknowledgment of its pervasive impact on the
making of tomorrow's human civilization.

2. REQUIREMENTS FOR MACHINE LEARNING IMPLEMENTATION

Machine learning (ML), as a part of artificial intelligence, gives systems the ability to learn from data, identify
patterns and make decisions with minimal human involvement. Insofar as it begins to recognize traction in
healthcare, financial services, agriculture, autonomous systems, and more, and it’s implementation is increasing,
the implementation of ML will require strategic, organized approaches to development as it crosses these
boundaries. Although it requires technical skills, the success is the result of all these things together. (Fig. 2.1)
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Fig. 2.1 Requirements for Machine Learning Implementation
2.1 Availability of High Quality Data

Data is the lifeblood of any ML system. Model performance is only as good as its data, which must be accurate,
complete, consistent and appropriately labeled. Dealing with missing values, outliers, and the class imbalance
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contributes to the fairness and reliability of decisions. Cleaning and encoding aside, feature engineering can be a
powerful tool to scale up representation power. Splitting the dataset to training, validation, and test datasets -
representing the real world - is necessary to prevent over fitting and to generalize.
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2.2 Clear Problem Definition and Measurable Objectives

A productive ML project starts with a well-defined goal, which is for example to be one of classification,
regression, clustering, or something else. Goals must be related to a business or research objective and have
significant measures like accuracy, precision, recall, F1 score, and mean square error. Setting performance targets
and defining use cases upfront helps stakeholders understand what is expected from the model

2.3 Selection of Suitable Algorithms and Framework

It’s essential to choose the correct algorithm that depends on the type of problem, nature of the data and the results
expected. Famous ML algorithms are linear regression, decision trees, support vector machines, k-means, and
neural networks. Leveraging existing ML libraries and frameworks, like Scikit-learn, TensorFlow, PyTorch, and
Keras, to facilitate model development, testing, and deployment. Rapid prototyping is supported and trials a
number of benchmark models to be compared to identify the best optimized model.

2.4 Adequate Computational Resources and Infrastructure

Share Focus on ML tasks (especially deep learning): The right amount of computation and storage is needed, e.g.,
CPUs, GPUs/TPUs, high RAM and scalable storage. Cloud options provide flexibility and scale, containerization
(Docker, Kubernetes) and version control (Git, DVC) can help with reproducibility and collaboration. The
infrastructure should be able to flex with ML lifecycle, whether it’s running a series of ad-hoc experiments or
model retraining cycles that run on an ongoing basis.

2.5 Experimentation, Validation and Hyperparamter Tuning

Data scientists have to iterate trend models, architecture, and hyper-propagators. Methods such as k-fold cross-
validation, sensitivity analysis and optimization of hyperparameters make it possible to reach the best
configuration of the model. Logging experiment metadata, such as dataset versions, hyperparameters, and results
improves reproducibility and visibility over time.

2.6 Collaboration and Skilled Personnel

Cross-functional teams work best for ML projects: a mix of data scientists, ML engineers, data engineers, software
engineers, and domain experts. Cooperation guarantees technical correctness and the applicability of models to
real world requirements. Good documentation and communication with stakeholders help turn technical output
into something usable

2.7 Quality Assurance and Reproductivity

It makes 1development and production servers as close to the same as possible. Reproducible training pipelines,
uniform dependency management, and model, data, and code versioning are all means to mitigate errors, and
facilitate traceability. Frequent tests on the preprocessing, training, serving pipelines—and of course, tooling for
metadata and model registries are key for system robustness

3. WORKING OF A MACHINE LEARNING

Machine Learning (ML) is a subset of Al allowing systems to learn from data and make predictions (or
decisions) without hard coded rules. At its core, ML is about training algorithms to recognize patterns, learn
from experience, and perform better over time. Here, then, is a well-informed revisit of obviously the way ML
works (Fig. 3.1)

Working of Machine Learning
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Fig. 3.1 Working of A Machine Learning
3.1 Data Collection

The first step is collecting the data necessary to solve the given problem. This could be anything from sensor

DOI Number: https://doi.org/10.30780/1JTRS.V10.110.009 pg. 53
www.ijtrs.com, www.ijtrs.org
Paper Id: IJTRS-V10-110-009 Volume X Issue X, October 2025

@2017, IJTRS All Right Reserved


http://www.ijtrs.org/

ISSN Number: 2454-2024(Online)

J R

input, to databases, to user actions, to remote APIs. The data is either structured (as in spreadsheets) or
unstructured (in photographs, text or video). Only by paying attention to what is relevant and to the inherent model
structure in this first phase can we then encourage the model to stay this way.
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3.2 Data Processing

Raw data are frequently inconsistent, incomplete, or corrupted. Preprocessing data Preprocessing is the act of
cleaning and structuring the data so that it can be effectively used by ML models. Cleaning data may involve
removing duplicates, handling missing values, normalizing numerical features, encoding categorical attributes
and sometimes creating new features. These steps help to mitigate the bias, improve data clarity and get the dataset
ready for modeling.

3.3 Modal Selection

» When the data has been prepared, the model is selected. There are three fundamental types of learning:

» Supervise Learning: In this option, model will learns with using label (e.g. prediction of house price in
past data).

» Unsupervised learning: No labels are given to the learning algorithm and it leaves to the model to find
the structure in its input (e.g. grouping customers by purchasing behavior).

» Learning from reward (Unknown rewards or penalties such as in game or robotics) Model learns by trail
and error.

3.4 Training The Model

The selected model is trained on the processed data, typically splitting it into training and validation set and
sometimes also test set (e.g. 70/15/15). The algorithm tunes internal parameters (e.g., weights in neural networks)
in a training phase via optimization methods such as gradient descent. The threshold allows error during model
learning (which takes multiple “passes” over the training data, called “epochs”) to diminish as little as possible.

3.5 Evaluation

The performance of the model is then evaluated on held-out validation data using a measure such as accuracy,
precision, recall, F1-score or mean squared error, say after x rounds of training. If performance is poor, then so
called hyperparameters (such as learning rate or tree depth) are tweaked in such a way that the model trades of
between bias and variance. Methods such as cross-validation (e.g., k-fold) provide confidence that model
generalizes beyond the training data.

3.6 Deployment and Prediction

After the model is trained and tuned, deploy the model live, in an application — a web app, an API, an embedded
system. Now it is able to make live predictions or decisions, such as making product recommendations, detecting
fraud, or recognizing spoken words. This must enable efficient and scalable inference.

3.7 Monitoring and Maintenance

After deployment, regular monitoring helps maintain the model's health. Metrics including prediction accuracy,
data pattern drift, latency, and resource usage are monitored. They employ alerts and retraining pipelines to refresh
models when they degrade or new fads show up. Feedback and iteration is what keeps the system meaningful and
adaptive.

4. APPLICATION OF MACHINE LEARNING

ML allows a system to learn from data, identify patterns, and then take actions or make predictions/decisions
without being explicitly programmed. In the real world, ML models get better over time as they learn from
experience. The following are some of the key branches of real impact. (Fig. 4.1)

Applications of Machine Learning
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Fig. 4.1 Application of Machine Learning
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4.1 Healthcare

ML is revolutionizing diagnostics, treatment selection, and patient care. For example, models sift through medical
images, like MRIs and X-rays, to detect early signs of disease and analyze patient records to predict an individual’s
risk for a disease. ML can also enhance drug discovery, tailor treatment regimens and remotely monitor patients
in real time — and do these things with greater accuracy, at lower cost and with superior clinical results. (Fig. 4.1)
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Fig. 4.1 Healthcare Data

4.2 Finance

Out there in the wild, ML is applied in finance realm for fraud identification, scoring credit, risk estimation,
algorithmic trading as well as chatbots for customer support. By analyzing transactional data and user behavior,
ML systems detect suspicious activity, suggest the best investment strategy, and ensure a prompt response to user
inquiries. (Fig. 4.2)

Applications of Machine
Learning in Finance Industry

Automation Fraud Intelligent

of Operations Detection Trading
Client Profile Efficient Risk Effective Data Advanced
Management Assessment Management Marketing

Fig. 4.2 Finance
5. TRANSPORTATION AND AUTONOMOUS SYSTEMS

ML is also a key element of ADAS and autonomous- driving systems. It allows vehicles to quickly process sensor
data (cameras, LiDAR, radar) to detect an object, plan a path, and decide in a millisecond what to do with other
vehicles sharing the road. Over time, the driving strategy has been improved with reinforcement learning by
simulated trial and error. ML can help improve safety, guidance and route optimization in logistics, and mobility

applications.(Fig.5.1)
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Fig. 5.1 Transportation and Autonomous Systems

6. MANUFACTURING AND INDUSTRY 4.0

In factories, ML is used in predictive maintenance to crunch data from sensors and operations to predict equipment
failure before it happens. And it is compatible with automated quality control — where it uses computer vision to
identify flaws and with smart process optimization across assembly lines, that decrease downtime and increase
reliability. (Fig. 6.1)
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Fig. 6.1 Manufacturing and Industry 4.0
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7. AGRICULTURE

ML is enabling precision agriculture with the analysis of weather predictions, soil conditions, and crop images.
Using ML-powered sensors, drones can pick up early signs of infestation or disease and act proactively. These
insights can enable farmers to improve their yield, use less water, and apply fewer chemicals. (Fig. 4.5)
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Fig. 7.1 Agriculture
8. RETAIL AND MARKETING

ME-commerce and retail sites use ML for Product Recommendation, Dynamic Pricing, Customer Segmentation,
Inventory Forecast, and Personalized Marketing. ML enables personalized shopping experiences, engagement and
efficiency by foreseeing the preferences and behavior of our customers, ML systems create tailored shopping
experiences for them and shows product recommendations, all while enhancing engagement and store efficiency.
(Fig. 8.1)

Machine learning use cases in retail
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Fig. 8.1 Retail and Marketing
9. FUTURE SCOPE OF MACHINE LEARNING

It's really hard to keep up with the speed at which Machine Learning [ML] is progressing. The advances that are
just around the corner will unlock new possibilities in areas from health care to government that will transform
the way we live, work and communicate. Below are some major areas of impact for ML in 2019 and beyond. (Fig.
9.1)

DOI Number: https://doi.org/10.30780/1JTRS.V10.110.009 pg. 57
www.ijtrs.com, www.ijtrs.org
Paper Id: IJTRS-V10-110-009 Volume X Issue X, October 2025

@2017, IJTRS All Right Reserved


http://www.ijtrs.org/

ISSN Number: 2454-2024(Online)

JTRS International Journal of Technical Research & Science

Stock
Market
trading

Applications
Online
. of " Fraud
Machine learning Detection

Virtual

Product Personal
recommend Assistant
Selr
Cars

-ations

Fig. 9.1 Future Scope and Applications of Machine Learning

In the years to come, ML will be the technology that will transform and revolutionize nearly every part of our
lives. With increase the amount of data exponentially and the cheapening/dissemination of computing power,
machine learning will play more and more a central role at tackling complex industrial problems. One of the major
future areas of focus is examine the Al (XAI), which aims to make machine learning models more transparent
and interpretable. As ML is increasingly pervasive in vital domains such as healthcare, finance, and law, there is
a pressing need to make decisions of algorithms fair, interpretable, and accountable.

Another important path is federated learning that trains models over decentralized devices with no sensitive data
of users being sent over the network. Such a method will lead to better privacy and serve applications in fields
such as healthcare and edge computing. With the convergence of ML and Internet of Things (IoT), TinyML
(Machine Learning on low-power devices) will emerge. So that will allow smarter homes, factories, cities, with
decision making at the edge in real time.

ML will further revolutionize healthcare, with advances in diagnostics, drug discovery and treatment
personalization. On the farm, it will maximize the management of crops and the supply chain of food. Autonomous
systems (like self-driving cars and drones and robots) will increasingly depend on ML for perception, planning,
and control. Another key line of research is enabling new general Al, that is Al that is good at everything (which
I call AGI for Artificial General Intelligence) where a model can quickly learn to do all sorts of jobs in all sorts
of areas without task-specific training.

Finally, the success of ML also relies on addressing ethical attitudes such as bias, data privacy and the role of
automation in the labour market. Well applied, machine learning has the potential to make the future smarter,
more efficient, and more equitable.

CONCLUSION

There's still lots of life in machine learning. ML technologies promise to have a deep impact on several industries
and improve decision-making and automate basic and repetitive tasks leveraging complex data. But as we proceed,
it is important that ethical considerations shape the advent of these technologies so that their existence supports
the common good and that they do not encroach on privacy and autonomy. The journey of ML is still very long
and its future is poised to be as transformational as it’s past. Machine Learning (ML) is showing promise in a
variety of fields and its impact is getting even broader. As businesses increasingly turn to data-driven intelligence,
ML technologies are playing a critical role in improving decision-making, optimizing business processes, and
automating mundane and repetitive tasks. Utilizing vast bodies of complex and unstructured data, ML algorithms
learn patterns and make predictions that shape, accelerate, and guide decisions made within healthcare, financial,
manufacturing, and transportation systems. However, as the integration of ML into real-world systems accelerates,
it is imperative that ethical considerations keep pace with technological advancement. Issues surrounding data
privacy, algorithmic bias, transparency, and user autonomy must be carefully addressed to ensure that the
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deployment of ML systems aligns with societal values and promotes the common good. Responsible development
and governance frameworks are essential to mitigate risks and foster public trust.

The journey of machine learning is far from over. On the contrary, it is entering a new phase of maturity and
impact. If guided by ethical principles and rigorous research, the future of ML holds the promise to be even more
transformative than its past—reshaping how we live, work, and make decisions in a data-driven world.

REFERENCES

(1]
(2]
(3]
(4]
(3]
(6]
[7]
(8]
(9]

[10]

[11]

[12]

[13]

[14]
[15]

[16]

[17]

(18]

[19]

[20]

(21]

Academic journals in computer science, artificial intelligence, and machine learning.

Zhang, Y., Lipton, Z. C., Li, M., & Smola, A. J. (2020). Dive into Deep Learning. D2L .ai.

Silver, D., Hubert, T., Schrittwieser, J., Antonoglou, I., Lai, M., Guez, A.. & Hassabis, D.

Topol, E. J. (2019). Deep Medicine: How Artificial Intelligence Can Make Healthcare Human Again.
Cisco. (2020). Edge Computing Solutions.

Shalev-Shwartz, S., & Ben-David, S. (2014). Understanding Machine Learning: From Theory to Algorithms.
Cambridge University Press.

Bishop, C. M. (2006). Pattern Recognition and Machine Learning. Springer.

Russell, S. J., & Norvig, P. (2009). Artificial Intelligence: A Modern Approach (3rd ed.). Pearson Education.
Vyas, M., Yadav, V.K., Vyas, S., Joshi, R.R. and Tirole, R. (2022). A Review of Algorithms for Control and
Optimization for Energy Management of Hybrid Renewable Energy Systems. In Intelligent Renewable
Energy Systems (eds N. Priyadarshi, A.K. Bhoi, S. Padmanaban, S. Balamurugan and J.B. Holm-Nielsen).
https://doi.org/10.1002/9781119786306.ch5

Vyas, M., Kumar, V., Vyas, S., Swami, R.K. (2023). Grid-Connected DFIG-Based Wind Energy Conversion
System with ANFIS Neuro-Fuzzy Controller. In: Namrata, K., Priyadarshi, N., Bansal, R.C., Kumar, J. (eds)
Smart Energy and Advancement in Power Technologies. Lecture Notes in Electrical Engineering, vol 927.
Springer, Singapore. https://doi.org/10.1007/978-981-19-4975-3 48.

Sujit Kumar et al 2021. Strategies to Enhance Solar Energy Utility in Agricultural Area of Rajasthan State,
India J. Phys.: Conf. Ser. 1854 012013. https://doi.org/10.1088/1742-6596/1854/1/012013

Y. Joshi, J. K. Maherchandani, V. K. Yadav, R. Jangid, S. Vyas and S. S. Sharma, "Performance
Improvement of Standalone Battery Integrated Hybrid System," 2021 7th International Conference on
Electrical ~ Energy  Systems  (ICEES), Chennai, India, 2021, pp. 250-255, doi:
10.1109/ICEES51510.2021.9383636

Prabhu D, Tejasri MV, Saratha B, Anish TP. Future Horizons: Key Trends Shaping the Evolution of Machine
Learning. In2025 8th International Conference on Trends in Electronics and Informatics (ICOEI) 2025 Apr
24 (pp. 1091-1099). IEEE.

Al-Mallah, M.H., 2023. Broaden your horizon.

Garg, V., Jangid, R., Jain, C., Sisodiya, M. “Performance Analysis of a PV-BESS-Grid Integrated Fast EV
Charging System”, Journal of Emerging Technologies and Innovative Research (JETIR), Volume 12, Issue
6, 2025.

Sisodiya, M., Jangid, R., Jain, C., Garg, V. “Short-Term Load Forecasting (STLF) Using Machine Learning
Models: A Comparison Based Study to Predict the Electrical Load Requirements”, International Journal of
Technical Research & Science. Volume X, Issue VI, June 2025. DOI Number:
https://doi.org/10.30780/IJTRS.V10.106.007

Sharma, S.S., Joshi, R.R., Jangid, R. et al. “Intelligent Techniques for Mitigation of Transient Over-Voltages
in Gas Insulated Sub-Station and Effects of VFTO”, Journal of Critical Reviews, Volume 7, Issue 14, pp.
3378-3392, 2020.

Detesan, Ovidiu-Aurelian, and Iuliana Fabiola Moholea. "Beyond the Horizon: Anticipating Future
Challenges in the Field of Robotics." In International Conference on Robotics in Alpe-Adria Danube Region,
pp. 273-283. Cham: Springer Nature Switzerland, 2024.

Niham, D., 2023. Unleashing uncharted horizons: The parallel evolution of ai and historic technological
shifts. International Transactions on Education Technology (ITEE), 2(1), pp.59-64.

Dabab, M., Freiling, M. and Sagalowicz, D., 2021, May. Expanding Horizons in Business Decision Making.
In 2021 IEEE Technology & Engineering Management Conference-Europe (TEMSCON-EUR) (pp. 1-8).
IEEE.

Detesan, O. A., & Moholea, I. F. (2024). Beyond the Horizon: Anticipating Future Challenges in the Field
of Robotics Check for updates. Advances in Service and Industrial Robotics: RAAD 2024, 157, 273.

DOI Number: https://doi.org/10.30780/1JTRS.V10.110.009 pg. 59

www.ijtrs.com, www.ijtrs.org

Paper Id: IJTRS-V10-110-009 Volume X Issue X, October 2025

@2017, IJTRS All Right Reserved


http://www.ijtrs.org/

	2.1 Availability of High Quality Data
	Data is the lifeblood of any ML system. Model performance is only as good as its data, which must be accurate, complete, consistent and appropriately labeled. Dealing with missing values, outliers, and the class imbalance contributes to the fairness a...
	2.2 Clear Problem Definition and Measurable Objectives
	A productive ML project starts with a well-defined goal, which is for example to be one of classification, regression, clustering, or something else. Goals must be related to a business or research objective and have significant measures like accuracy...
	2.3 Selection of Suitable Algorithms and Framework
	2.4 Adequate Computational Resources and Infrastructure
	Share Focus on ML tasks (especially deep learning): The right amount of computation and storage is needed, e.g., CPUs, GPUs/TPUs, high RAM and scalable storage. Cloud options provide flexibility and scale, containerization (Docker, Kubernetes) and ver...
	2.5 Experimentation, Validation and Hyperparamter Tuning
	2.6 Collaboration and Skilled Personnel
	2.7 Quality Assurance and Reproductivity
	3. WORKING OF A MACHINE LEARNING
	3.1 Data Collection
	3.2 Data Processing
	3.3 Modal Selection
	3.4 Training The Model
	3.5 Evaluation
	3.6 Deployment and Prediction
	3.7 Monitoring and Maintenance
	4. APPLICATION OF MACHINE LEARNING
	4.1 Healthcare
	4.2 Finance
	5. TRANSPORTATION AND AUTONOMOUS SYSTEMS
	6. MANUFACTURING AND INDUSTRY 4.0
	7. AGRICULTURE
	8. RETAIL AND MARKETING
	9. FUTURE SCOPE OF MACHINE LEARNING
	CONCLUSION
	REFERENCES

