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PREFACE 
 

In the field of study known as "data science," the goal is to glean 

useful information from massive volumes of data by using a wide 

variety of scientific approaches, algorithmic procedures, and other 

procedures. Discovering hidden patterns in the raw data is much 

easier with its assistance. As a result of developments in 

mathematical statistics, data analysis, and big data, a new field 

known as "data science" has come into existence. 
 

The discipline of Data Science is an interdisciplinary one that enables 

one to derive information from either organised or unstructured 

data. The field of data science gives you the ability to turn an issue 

with your company into a research project and then turn that project 

into a solution for real-world problems. When it comes to the field of 

data science, we need some kind of programming language or 

instrument, such as Python. In spite of the fact that there are more 

tools for data science, such as R and SAS, the primary emphasis of 

this post will be on Python and how it may be advantageous for data 

science. 
 

In recent years, Python has emerged as a dominant force in the world 

of programming languages. Its incorporation into data science, the 

internet of things, artificial intelligence, and other technological 

fields has contributed to the rise in its popularity. 
 

Python is a popular choice for usage as a programming language for 

data science due to the fact that it provides access to a variety of 

powerful mathematical and statistical tools. Python is used by data 

scientists all around the globe, and this is a big reason why Python is 

used. If you've been paying attention to industry developments over 

the last few years, you've probably seen that Python has emerged as 

the dominant programming language, especially in the data science 

sector. 
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This book has five units that cover the whole of the university 

curriculum for Data Science. Beginning with an introduction, the 

courses address describing data, using Python for data handling, 

describing relationships, and using Python for data visualisations 

respectively. Students of Computer Science, Engineering and 

Technology, and Computer Applications from all of India's 

universities are the intended audience for this book, which was 

developed just for them. 
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NEED FOR DATA SCIENCE  
The field of data science has two facets: first, it investigates and analyses 

vast quantities of data; second, it has branches in almost every discipline. 

The data we deal with are not simple; they are complicated and organised 

in several levels. The fundamental components of data science include 

statistics, mathematics, and computer language. 

Artificial intelligence encompasses the principles of all three disciplines 

and serves as the data science's machinery or brain. Data science utilises 

concepts, processes, algorithms, rules, and tools from all three subfields 

and functions as a cohesive mechanism to tackle the complex issues that 

develop in our environment. 

What is the driving force behind data science? 

As implied by its name, data science is centred on data. Data is a unit of 

knowledge-containing information, while data science employs 

mathematical algorithms, rules, and artificial intelligence to gather, refine, 

align, store, manipulate, and utilise data. The objective is to execute result-

driven computations on the data to provide commercial and research-

relevant insights. (Blei and Smyth, 2017) 

Why is Data Science Needed? 

Data plays an essential role in every aspect of a community, from the 

business sector to the health industry, from science to everyday life, from 

marketing to research. Technology has taken over our lives, and it is 

evolving at such a rate and with such variety that the operating methods 

used a few years ago are now obsolete. The same holds true for obstacles 

and issues. The difficulties and worries of the past about a certain topic, 

ailment, or deficiency may no longer exist due to their increased 

complexity. 

Therefore, every area of research and study, as well as every company, 

need an updated set of operational systems and technology to meet the 

challenges of today and future and to find answers to unresolved 

problems. 
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BENEFITS AND USES  
The field of data science has become an integral part of every industry 

today. By converting company data into assets, companies can increase 

revenue, cut costs, capture business opportunities, and enhance customer 

satisfaction, among other benefits. 

 
Fig. 1.1 Uses of Data Science 

Data science is now one of the most contested subjects in industry. 

Companies have been applying data science strategies to enhance their 

businesses and improve consumer satisfaction as its popularity has 

increased over time. The field of data science aims to discover previously 
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unknown patterns in data, extract valuable information, and make 

business decisions by utilizing current technologies and methodologies. 

 
Fig. 1.2 Applications of Data Science 

 

In the modern world, data is being generated at an alarming rate. There is 

a great deal of data created every second, whether it is from users of 

Facebook or any other social networking site, from calls that are made, or 

from other organizations. Consequently, the discipline of Data Science is 

enhanced in a variety of ways due to this large quantity of data. Several of 

the benefits are listed below: 

Due to its high demand, it has created a significant number of employment 

opportunities in its many fields. Some examples of these positions include 

Data Scientist, Data Analyst, Research Analyst, Business Analyst, 

Analytics Manager, Big Data Engineer, etc. 
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Through data science, businesses can determine which items sell the best 

and when to supply them, ensuring that they are always available at the 

most appropriate time and location. In order to increase efficiency and 

revenues, the organisation makes choices more quickly and with greater 

quality. 

As Data Scientists remain one of the most desirable occupations, they also 

enjoy high salaries. Data Scientists earn an average of $106,000 a year, 

according to a Dice Salary Survey. 

It has made it relatively simpler to sift data and search for the finest 

individuals for a business. Big Data and data mining have facilitated the 

recruiting teams' processing and selection of resumes, aptitude tests, and 

games. 
 

FACETS OF DATA 
Data Science and Big Data involve a wide variety of data types, each of 

which requires a unique set of tools. These are the principal types of data: 

• Structured  

• Unstructured  

• Natural Language  

• Machine-Generated  

• Graph-based  

• Audio, video, and photographs 

• Streaming 

Explore each of these fascinating data types. 

Structured data  

In structured data, information is contained within the fixed fields of a 

record and is determined by a data model. Structured data is frequently 

stored in tables within databases or in Excel documents. SQL, or Structured 

Query Language, is the primary method for managing and querying 

database data. Further, you may encounter complex data that is difficult to 

store in a relational database. Information that is organized hierarchically, 

such as a family tree, is an example. 

Structured data is imposed on the world by people and technology; it does 

not exist naturally. 
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Fig. 1.3 Example of Structured Data 

 

Unstructured data  

It is difficult to incorporate unstructured data into a data model since it is 

context-specific or variable. Email correspondence is one example of 

unstructured data. Despite the fact that email has organised features, such 

as the sender, subject, and body text, it is difficult to determine the number 

of individuals who have sent an email complaint regarding an employee 

since a person can be referred to in a variety of ways. This is further 

complicated by the tens of thousands of distinct languages and dialects that 

exist. 

An email composed by a person also exemplifies natural language data 

perfectly. 

 
Fig. 1.3 Example of Unstructured Data 
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Natural Language 

The natural language is an unstructured data type that requires an 

understanding of certain data science methodologies and linguistics in 

order to be analyzed. 

Despite the fact that the community of natural language processing has 

achieved success in the recognition of entities, topics, summarization, text 

completion, and sentiment analysis, models trained in one domain do not 

translate well to another.  

Even cutting-edge tools are incapable of deciphering the meaning of every 

text. It should not come as a surprise, however, since people also struggle 

with natural language. It has inherent ambiguity. In this case, the whole 

notion of meaning is contested. Allow two persons to hear the same 

discussion. Will the same meaning be conveyed? The meaning of identical 

words might alter depending on whether they are said by a person who is 

sad or happy. 

Machine-generated Data 

 

 
Fig. 1.3 An Illustration of Natural Language Processing 
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An example of machine-generated data is a set of data that is created 

automatically by a computer, process, program, or other machine without 

the involvement of a human. Machine-generated data will continue to be 

an important data resource. 

Due to their enormous volume and velocity, Machine data analysis 

requires highly scalable technologies. 

Examples include web server logs, call detail records, network event logs, 

and telemetry data. 

For heavily linked or "networked" data, where the relationships between 

entities are important, this may not be the most effective strategy. 

Graph Based Data 

 
Fig. 1.4 An Illustration of Graph based Data 

The phrase "graph data" may be ambiguous since any data can be shown 

in a graph. Graph theory refers to graphs in mathematics in this context. In 

graph theory, a graph is a mathematical structure that describes pair-wise 

interactions between objects. Data relating to the connection or adjacency 

of items is known as graph data or network data. 

Nodes, edges, and attributes are utilised by graph structures to represent 

and store graphical data. 
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Graph-based data can be illustrated by friends in a social network. 

It is natural to use graph-based data to describe social networks, and its 

structure allows us to calculate certain metrics, such as a person's influence 

or the shortest path between two individuals. 

In graph databases, graph-based data is stored and searched using specific 

query languages like SPARQL. 

The interpretation of additive and picture data can be more complex for a 

computer than the interpretation of graph data. 

Audio, Visuals, and Photographs 

 
Fig. 1.5 An Illustration of Audio, Visuals and Photographs 

A data scientist has unique problems when working with audio, picture, 

and video data. Recognizing objects in images is an example of a task that 

is simple for people but difficult for computers. 

Multimedia data in the form of music, video, pictures, and sensor signals 

have become a fundamental aspect of daily living. In addition, by 

providing many data sources for quantitative and systematic evaluation, 

they have transformed product testing and evidence collecting. 

Numerous libraries, programming languages, and integrated 

development environments (IDEs) are available, including: 

MATLAB 

Streaming Data  

Streaming data has an additional characteristic, despite the fact that it can 

assume practically any of the preceding forms. As an event occurs, the data 

is not put into a data storage system in a single batch. Although it is not a 
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distinct sort of data, we will consider it as such because you will need to 

modify your process to accommodate it. 

A few examples include Twitter's "What's trending," live sporting events, 

and the financial markets. 

These are the seven most crucial features of Data Science... 
 

DATA SCIENCE PROCESS  
Though data scientists may disagree on the implications of a particular 

data set, practically all experts agree on the importance of following a 

disciplined data science process. There are several frameworks available, 

some of which are more appropriate for corporate use cases than for 

research use cases. 

The following section will provide an overview of the most prominent data 

science process frameworks, which ones are best suited to each use case, 

and the core components of each framework. 

What is the process of data science? 

Data science is a methodical approach to solving data problems. The 

framework enables the formulation of a problem as a question, the 

determination of how to resolve it, and the presentation of the solution to 

stakeholders. 

Data Science Evolution 

A data science life cycle can be viewed as a synonym for a data science 

process. The terms describe a workflow process that begins with data 

collection and ends with the deployment of a model that will hopefully 

answer your questions. The steps consist of: 

Defining Issue 

The initial phase of the data science life cycle is problem understanding 

and formulation. This framework will assist you in developing a model 

that will positively benefit your business. 

Gathering Data 

The next step is to obtain the appropriate data set.  

It is essential to acquire high-quality, focused data, as well as the means to 

collect them, in order to achieve significant outcomes.  
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Fig. 1.6 An Illustration of Data Process 

As most of the approximately 2.5 quintillion bytes of data produced every 

day are unstructured, you will probably need to convert the data into a 

useful format, such as CSV or JSON. 



Introduction to Data Science 

 

13 
 

Cleaning Data science process: Cleaning Data 

In the gathering phase, the majority of the data you acquire will be 

unstructured, irrelevant, and unfiltered. Precision and usefulness of your 

analysis will be highly dependent upon the quality of your data, as 

inaccurate data will yield inaccurate results. In order to clean data, it is 

necessary to eliminate duplicate and null values, corrupt data, inconsistent 

data types, incorrect entries, missing data, and poor formatting. 

In order to develop good models, you must find and fix problems in your 

data. 

Exploratory Data Analysis (EDA) 

Having gathered a substantial amount of well-organized, high-quality 

data, you may now conduct exploratory data analysis (EDA). Effective 

EDA enables the discovery of important insights for the subsequent phase 

of the data science lifecycle. 

Model Construction and Deployment 

The next step is to perform the actual data modeling. In order to derive 

valuable insights and predictions, you will utilize machine learning, 

statistical models, and algorithms. 

Presenting Your Results 

As a final step, you will share your results with stakeholders. To do this, 

every data scientist must develop their visualisation abilities. 

Stakeholders are primarily interested in what your results mean for their 

business; they are typically uninterested in the intricate process used to 

develop your model. Your results should be communicated in a manner 

that emphasizes their importance to the strategic planning and operations 

of your company. 

Data Science Procedures and Structure 

There are many data science process frameworks that you should be 

familiar with. Although they all strive to lead you through a productive 

process, different use cases are better suited for various approaches. 

1. CRISP-DM 

CRISP-DM stands for Cross Industry Standard Process for Data Mining. 

An industry-standard technique and process model that can be adapted 

and adjusted. It is also a tried-and-true way for directing data mining 
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initiatives. The CRISP-DM model has six data process life cycle phases. 

These are the six phases: 

Understanding the data science procedure: Business Understanding 

CRISP-DM begins with defining the business's objectives and bringing the 

data science project into focus. Clearly describing the objective should go 

beyond simply naming the measure you intend to change. Metrics cannot 

be altered without action, regardless of how extensive the analysis is. 

Data scientists engage with stakeholders, subject matter experts, and other 

individuals who may provide insight into the issue at hand to gain a 

deeper understanding of the company. It may also be necessary for them 

to conduct preliminary research to determine how others have dealt with 

similar issues in the past. In the end, they will have a well-defined problem 

and a plan for addressing it. 

2. Data Understanding 

In CRISP-DM, the next phase is data comprehension. As a result of this 

step, you will be able to identify what data you own, where you might be 

able to obtain more, what your data consists of, and its quality. You will 

also determine the data collection technologies you will use as well as how 

your initial data will be collected. Next, you will specify the attributes of 

your initial data, including its format, number, records, and fields. 

As soon as you have collected and documented your data, you can begin 

analyzing it. By posing data science questions that can be addressed by 

queries, visualizations, or reports, you can develop your initial hypothesis. 

By identifying any errors or missing values, you will conclude your data 

quality assessment. 

3. Data Preparation data science process:  

Typically, data preparation consumes the most time, and you may need to 

review it several times throughout the project. 

In its raw form, data is usually worthless, as it often contains erroneous or 

absent properties, contradictory values, and outliers. Preparing your data 

eliminates these concerns and enhances its quality, allowing you to use it 

successfully in your modelling process. 

The preparation of data involves several tasks that can be carried out in 

a variety of ways. The primary data preparation tasks are: 
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Data cleansing is the process of correcting incomplete or inaccurate data. 

Data integration: integrating data from diverse sources 

Transformation of data: formatting the data 

Data reduction: the simplification of data. 

Data discretization: the process of lowering the number of values to 

facilitate data management 

Feature engineering is the process of choosing and modifying variables to 

improve machine learning performance. 

4. Modelling 

There are several data modelling possibilities. You will determine the 

optimal solution based on the business's objectives, the factors involved, 

and the available resources. 

When choosing your modelling approach, you will generate two reports. 

The first will specify the modelling approach that will be employed. The 

second section will detail the modelling report's underlying assumptions, 

such as whether the model needs a certain sort of data distribution. 

As soon as you have chosen a modelling approach, you will create tests to 

determine how well your model performs. Your deliverable for this phase 

will be your test design. In order to prevent overfitting, your training data 

and testing data may need to be separated into training data and testing 

data. In overfitting, a model fits one piece of data flawlessly but not 

another. You must avoid injecting any bias into your data during this 

phase. 

As a next step, you will construct your model in accordance with the 

specific objectives of your organization. This will result in the delivery of 

three items: 

o Parameter configurations 

o A summary of the models 

o Models on their own 

o The final step of the modelling process is model evaluation. You 

will evaluate them from both a technical and business perspective. 

It is also possible that your project team will include subject matter 

specialists when examining your models. 
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Model evaluations summarize the results of your model review, including 

a rating of your models if you have created a number of them. You may 

now modify your parameters and run another round of simulations. 

5. Evaluation data science process:  

The evaluation phase involves analyzing the model in light of the 

objectives of your company. As a result, you will evaluate your work 

process, describe how your model will benefit the firm, summarize your 

results, and make any necessary adjustments. 

As a final step, you will select your next course of action. Is your model 

ready for deployment? Does it require a fresh iteration or another project 

as a dependency? 

6. Deployment 

Despite the fact that deployment is the final step of the CRISP-DM process, 

it does not necessarily mean that your project has been completed. During 

the deployment phase, you will describe how you plan to implement the 

model and how the results will be provided. During the deployment phase, 

you'll also need to monitor the findings and maintain the model. 

To complete your assignment, prepare a summary report and presentation. 

Evaluate the entire procedure to determine what worked and what could 

be improved. 

7. OSEMN 

OSEMN is not an iterative procedure, as is CRISP-DM. The technique is 

not used as frequently as CRISP-DM, however, in certain situations it is 

superior to CRISP-DM. 

Because it excludes business-oriented phases, it is suitable for exploratory 

research projects and is frequently used by research institutes and public 

health agencies. OSEMN is less concerned with asking specific questions 

than it is with what the statistics have to say. 

Obtain Data data science process:  

As OSEMN is not a goal-driven initiative, the initial phase involves the 

collection of data. As with other frameworks, you may collect your data 

using a variety of technologies, such as web scraping, APIs, and SQL. 
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Scrub Data 

No matter what you intend to do with your data, it must be cleansed before 

it can be utilized. It may be necessary to reformat even clean data in order 

to make it usable. Any data project must begin with this phase. 

Explore Data 

By exploring your data, you will be able to gain a deeper understanding of 

any initial trends and connections you observe. As of yet, you have not 

evaluated any hypotheses or made any predictions. The following 

techniques can be used to explore your data during this phase: 

Command-line utilities 

▪ Histograms to summarise data characteristics 

▪ Pairwise histograms to identify correlations and emphasise outliers 

▪ Dimensional reduction techniques 

▪ Clustering to identify groups 

Model Data 

The accuracy of a model is the ultimate measure of its success. In general, 

the most predictive model is the most effective model. You may test the 

predicted accuracy of your model by seeing how it performs on new data. 

Machine-learning approaches utilising supervised or unsupervised 

algorithms are used to model data. Supervised learning use labelled 

datasets to train a model to produce correct predictions or classifications. 

Using algorithms, unsupervised learning clusters and analyses unlabeled 

datasets. It is possible to uncover hidden patterns and connections using 

unsupervised learning models. 

It is important to note that both types of algorithms can be used in the 

OSEMN procedure, but unsupervised models are particularly valuable 

because they may help you discover patterns that you were not aware of 

when you began your project. 

Interpret Results 

It is the interpretation of the results of the OSEMN model that constitutes 

the conclusion. In this regard, it is important to emphasize that a model's 

predictive and interpretive abilities do not always match and may even be 

in conflict. The results of a highly predictive model may be difficult to 

comprehend, not simpler. 
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The predictive ability of a model depends on its ability to generalize, 

whereas the interpretive ability provides insight into a particular issue or 

topic. You may wish to select a model with a balance of predictive and 

interpretative skills, or you may prefer to prioritise one over the other. It 

depends on the project's objectives. 
 

SETTING THE RESEARCH GOAL  
To begin a project, it is important to understand the what, the why, and the 

how (figure 1.7). What is expected of you by the company? Why does 

management place such a high value on your research? Is the project a part 

of a larger strategic plan or a lone wolf project initiated by someone who 

recognized a potential opportunity? This phase aims to answer these three 

questions (what, why, how) so that everyone knows what to do and can 

agree on the best approach. 

A clear research objective, a good understanding of the context, well-

defined deliverables, and a plan of action with a timetable should be the 

results. This information is then best placed in a project charter. Depending 

on the project and the company, the length and formality of the letter may 

vary. The early phases of the project emphasize the importance of people 

skills and business acumen over technical expertise, which is why more 

senior personnel will often guide this phase. 

 
Fig. 1.7 An Illustration of setting the research goal 
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Spend time understanding the goals and context of your research 

Your research goal should clearly and concisely state the purpose of your 

assignment. In order for a project to succeed, it is essential to understand 

the business goals and context. Ask questions and devise examples until 

you have a clear understanding of what the business expects. Assess how 

your project fits into the larger picture, understand how your research will 

impact the business, and determine how your results will be used. After 

spending months researching something, you have that one moment of 

brilliance and solve the problem, but when you report your findings back 

to the organization, everyone immediately realizes that you 

misunderstood their question. This is an important phase that should not 

be overlooked. In spite of their mathematical acumen and scientific 

brilliance, many data scientists fail to grasp business objectives and 

context. 

Create a project charter 

Once you have a clear understanding of the business problem, try to obtain 

a formal agreement on the deliverables. It is best to gather all of this 

information in a project charter. This would be a requirement for any 

significant project. 

In order for a project charter to be successful, teamwork is necessary, and 

your input should include at least the following: 

▪ A clear goal for the research 

▪ Mission and context of the project 

▪ Describe how you intend to conduct your analysis 

▪ Resources you expect to use 

▪ A demonstration of the feasibility of the project, or a proof of 

concept 

▪ A measure of success and deliverables 

▪ Here is a timeline 

▪ This information can be used by your client to estimate the project 

costs, as well as the data and people required to ensure the success 

of your project. 
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RETRIEVING DATA  
The subsequent phase in data science is data retrieval. Occasionally, you 

will be required to go into the field and create the data gathering procedure 

yourself, but this will be the exception. In many cases, businesses have 

already acquired and stored the data for you, and what they do not have 

may be purchased from third parties. It is not necessary to be hesitant to 

get data outside of your organization, as an increasing number of 

companies are making even high-quality data publicly available. 

From basic text files to database tables, data can be stored in a variety of 

formats. Currently, the purpose of the project is to collect the necessary 

information. Even if you are able to accomplish this, data is often like a raw 

diamond that needs to be polished before it can be used effectively. 

The first step should be to begin with information owned by the company. 

 
Fig. 1.8 An Illustration of Retrieving Data 

Your first step should be to assess the relevance and quality of the readily 

available data within your organization. In most businesses, critical data is 

stored in a secure location, so the majority of the cleaning work has already 

been completed. It is possible to store this data in IT-managed databases, 

data marts, data warehouses, and data lakes. The primary purpose of a 

database is to store data, whereas the primary purpose of a data warehouse 
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is to retrieve and analyze data. A data mart is a subset of a data warehouse 

that serves a specific business unit. In contrast to data warehouses and data 

marts, data lakes store data in its natural or unprocessed state. It is possible, 

however, that your data is still stored in Excel files on the desktop of a 

subject matter expert. 

Information can be difficult to locate, even within your own organization. 

As businesses expand, their data is dispersed across multiple locations. It 

is possible for employees to lose knowledge of the data as they change roles 

or leave the organization. There is a possibility that you will need Sherlock 

Holmes-like skills in order to find all the missing documentation and 

metadata. 

Accessing data is another challenging task. Organizers recognize the 

importance and sensitivity of data, and often have policies in place to 

ensure that everyone has access only to the information they need. Chinese 

walls, which are physical and digital obstacles, are the result of these rules. 

For client data, these "walls" are required and well-regulated in the 

majority of nations. Also, this is a good reason; imagine if every employee 

of a credit card company had access to your spending habits. Accessing the 

data may require business politics and a considerable amount of time. 

In the event that data is not available within your organization, you should 

look outside. The collection of important data is a specialty of many 

businesses. It is well known that Nielsen and GFK provide this service to 

the retail industry. You receive data from other companies in order to 

enhance their services and ecosystems. The same applies to Twitter, 

LinkedIn, and Facebook. 

A growing number of governments and organizations are sharing their 

data with the world for free because they view data as a more valuable 

asset than oil. The quality of the data may vary depending on the 

institution that generates and manages it. Furthermore, they exchange 

information on the number of accidents and drug abuse in a particular 

region, as well as its demographics. In addition to enriching proprietary 

data, this data can also be used to practice data science skills at home.  

Perform data quality checks now to avoid difficulties in the future. 
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You should expect to spend up to 80 percent of your project's time 

repairing and cleansing data. In the data science process, the first time you 

will examine the data is during retrieval. It is easy to notice most of the 

errors during the data collection phase, but if you are negligent, you will 

spend countless hours fixing data problems that you could have prevented 

if you had done your homework during the data collection phase. 

Data exploration occurs during the steps of data import, data preparation, 

and data exploration. The difference lies in the objective and scope of the 

investigation. A data retrieval process involves comparing the data with 

data in the source document and determining whether the data types are 

appropriate. It should not take you too long to complete this process; you 

should finish when there is sufficient evidence that the data matches the 

information in the original document. During the preparation of data, a 

more thorough examination is conducted. The mistakes you discover now 

will also be present in the source document if you did a decent job during 

the previous phase. The focus should be on the substance of the variables: 

you want to eliminate typos and other data input errors, and standardize 

data across different datasets. In the exploratory stage, the focus shifts to 

what can be learned from the data. If the data are clean, you will now 

examine statistical features such as distributions, correlations, and outliers. 

These periods will be repeated frequently. An outlier may indicate a 

problem with the data input during the exploratory phase. As you have 

gained a better understanding of how data quality is improved throughout 

the process, we will now discuss the data preparation step in more detail. 

 

CLEANSING, INTEGRATING AND TRANSFORMING 

DATA  
In the data retrieval phase, you may have obtained "rough diamonds." It is 

now your responsibility to clean and prepare the data for use in the 

modeling and reporting phases. As a result, your models will perform 

better and you will spend less time trying to rectify unexpected outputs. 

The maxim "trash in, trash out" cannot be emphasized enough. Your model 

requires data to be in a particular format, so data transformation will 

always be required. Correcting data inaccuracies as early in the process as 
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feasible is a recommended practise. In an actual scenario, this may not 

always be possible, so your software will need to be adjusted. 

The figure illustrates the most common steps used during data cleansing, 

integration, and transformation. 

At the moment, this mind map appears somewhat abstract, but we will 

elaborate on each of these elements in the following sections. All of these 

acts share a great deal of similarity. 

Cleansing data 

Data cleaning is a subprocess of the data science process that focuses on 

eliminating inaccuracies from your data so that it is an accurate and 

consistent depiction of the processes from which it was derived. 

The phrase "true and consistent representation" implies the existence of at 

least two forms of mistake. 
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