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ABSTRACT: Automated machine learning (AutoML) spans the fairly wide chasm of tasks which could reasonably be 

thought of as being included within a machine learning pipeline.An AutoML "solution" could include the tasks of data 

preprocessing, feature engineering, algorithm selection, algorithm architecture search, and hyperparameter tuning, or 

some subset or variation of these distinct tasks. Thus, automated machine learning can now be thought of as anything 

from solely performing a single task, such as automated feature engineering, all the way through to a fully-automated 

pipeline, from data preprocessing, to feature engineering, to algorithm selection, and so on. 
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I.INTRODUCTION 
 

AutoML can be defined as a set of tools that can automate the process of solving problems with Machine Learning.The 

“Automated” here apparently means that the normal stages of the machine learning process are built into a fully 

programmed sequence of tasks so that the layman can do it without the need to understand the complicated steps. 

The goal behind the use of AutoML is that it would allow anyone to apply machine learning models and techniques even 

if they don’t have any expertise in machine learning or coding which doesn’t mean it can’t be used by an experienced 

data scientist; AutoML can make it easier and faster for them to do their work, enabling them to accurately scale their 

efforts while focusing on what matters.  

 

The process of developing a machine learning model can be complex and time-consuming, involving multiple steps, such 

as data cleaning, feature engineering, model selection, hyperparameter tuning, and evaluation. AutoML simplifies this 

process by automatically selecting the best model, tuning the hyperparameters, and evaluating the performance metrics. 

This enables data scientists and other professionals to focus on higher-level tasks such as problem definition, data 

collection, and data analysis. 

 

ADVANTAGES 
 

There are several advantages of using an AutoML (Automated Machine Learning) tool, including: 

1. Efficiency: AutoML tools automate the machine learning pipeline, reducing the time and effort required to 

develop accurate and effective models. This enables data scientists and other professionals to focus on 

higher-level tasks such as problem definition, data collection, and data analysis. 

2. Scalability: AutoML tools can process and analyze vast amounts of data with greater accuracy and 

efficiency, making it possible to build models that can handle large datasets and complex problems. 

3. Reduced Human Error: AutoML tools reduce the risk of human error by automating the machine learning 

pipeline, minimizing the potential for mistakes in data cleaning, feature engineering, model selection, and 

hyperparameter tuning. 

4. Improved Model Performance: AutoML tools can automatically select the best model, tune 

hyperparameters, and evaluate performance metrics, leading to more accurate and effective models. 
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5. Cost-Effective: AutoML tools can reduce the cost of machine learning development by automating time-

consuming and repetitive tasks, enabling data scientists and other professionals to focus on higher-level 

tasks that require their expertise. 

6. Flexibility: AutoML tools can be customized to meet the specific needs of different industries and 

applications, enabling organizations to tailor the machine learning pipeline to their unique requirements. 

 
DISADVANTAGES 

 
While there are many advantages to using an AutoML (Automated Machine Learning) tool, there are also some potential 

disadvantages to be aware of: 

1. Limited Control: AutoML tools automate many aspects of the machine learning pipeline, which means that 

users may have limited control over certain parameters, such as feature selection and model architecture. This 

can make it difficult to fully customize the machine learning process to meet specific needs. 

2. Lack of Transparency: AutoML tools can be complex and opaque, which may make it difficult to understand the 

underlying algorithms and decisions that the tool is making. This can make it harder to debug and troubleshoot 

problems that may arise during the machine learning process. 

3. Overfitting: AutoML tools can sometimes overfit the data, meaning that the model performs well on the training 

data but does not generalize well to new data. This can be especially problematic when working with small 

datasets. 

4. Dependency on Data Quality: AutoML tools rely heavily on the quality and cleanliness of the input data. If the 

data is noisy, incomplete, or biased, the resulting model may be less accurate or effective. 

5. Limited Compatibility: AutoML tools may not be compatible with all types of data or models. Some tools may 

only support specific types of machine learning algorithms or require certain data formats, which can limit their 

usefulness in certain applications. 

6. Lack of Expertise: AutoML tools may give users a false sense of expertise, leading them to rely on the tool 

without fully understanding the underlying concepts and principles of machine learning. 

 

II.PROPOSED MECHANISM 
 

The proposed mechanism of an AutoML tool generally involves the following steps: 

 

1. Data Preprocessing: The first step is to preprocess the data to clean, transform, and normalize it for 

machine learning. This step involves feature engineering, data cleaning, data normalization, and other data 

transformations. 

 

2. Model Selection: The next step is to select an appropriate machine learning model that is best suited for the 

given dataset. The tool can provide suggestions based on the type of problem and dataset characteristics. 

3. Hyperparameter Tuning: The machine learning model must be tuned for optimal performance by adjusting 

its hyperparameters. This step is critical to improving the accuracy of the model and can be time-

consuming if done manually. 

4. Model Evaluation: The model must be evaluated on various performance metrics such as accuracy, 

precision, recall, and F1 score. This step is necessary to validate the effectiveness of the model and to 

identify areas for improvement. 

5. Deployment: The final step is to deploy the trained model in a production environment. The tool can 

provide options for exporting the model to various formats and integrating it into other software systems. 
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Fig. 1: Auto-MLFig. 1: Auto-ML 
 

III.FUTURE SCOPE 
 

The future scope of AutoML (Automated Machine Learning) tools is highly promising as they continue to evolve and 

improve in several key areas. Firstly, these tools are becoming more user-friendly with intuitive interfaces that allow 

users to build and deploy machine learning models without extensive programming or data science knowledge. Secondly, 

AutoML tools are increasingly being integrated with cloud services such as AWS, Azure, and Google Cloud Platform, 

which makes it easier to deploy and scale machine learning models on the cloud. 

 

Another significant improvement in AutoML is the incorporation of automated feature engineering. This can help in 

identifying and extracting relevant features from raw data, reducing the time and effort required to build effective 

machine learning models. AutoML tools also incorporate automated data cleaning, which can identify and correct errors, 

remove outliers, and impute missing values, further streamlining the machine learning pipeline. 

 

Furthermore, there is growing interest in developing AutoML tools that are more transparent and explainable, enabling 

users to better understand the underlying algorithms and decisions made by the tool. This would help in developing a 

deeper understanding of machine learning and provide better insights. 

 

Overall, the future of AutoML looks bright, with continued improvements in usability, scalability, and performance. As 

these tools become more advanced and accessible, we can expect to see even greater adoption of machine learning across 

a wide range of industries and applications. 

 

IV.CONCLUSION 
 

The practice of data science is rapidly becoming automated. New techniques developed by the artificial intelligence and 

machine learning communities are able to perform data science work such as selecting models, engineering features, and 

tuning hyperparameters. Sometimes, these automated methods are able to produce better results than people. Given the 

current shortage of data scientists in the profession, automated techniques hold much promise for either improving the 

productivity of current data scientists or replacing them outright. 

 

AutoML tools have emerged as a powerful solution for building and deploying machine learning models. They offer 

several advantages such as improved efficiency, scalability, and reduced human error. However, they also have some 

potential limitations, such as limited control and lack of transparency, that must be taken into account. It is important to 

carefully evaluate the strengths and weaknesses of AutoML tools and to choose the right approach for each specific 

problem. The future of AutoML looks promising, with continued advancements in usability, scalability, and 
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performance. As these tools become more accessible and intuitive, we can expect to see even greater adoption of 

machine learning across a wide range of industries and applications. 
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