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1
Basic Principles of Data Wrangling

Akshay Singh*, Surender Singh and Jyotsna Rathee

Department of Information Technology, Maharaja Surajmal Institute of
Technology, Janakpuri, New Delhi, India

Abstract

Data wrangling is considered to be a crucial step of data science lifecycle. The qual-
ity of data analysis directly depends on the quality of data itself. As the data sources
are increasing with a fast pace, it is more than essential to organize the data for anal-
ysis. The process of cleaning, structuring, and enriching raw data into the required
data format in order to make better judgments in less time is known as data wran-
gling. It entails the manual conversion and mapping of data from one raw form to
another in order to facilitate data consumption and organization. It is also known
as data munging, meaning “digestible” data. The iterative process of gathering, fil-
tering, converting, exploring, and integrating data come under the data wrangling
pipeline. The foundation of data wrangling is data gathering. The data is extracted,
parsed, and scraped before the process of removing unnecessary information from
raw data. Data filtering or scrubbing includes removing corrupt and invalid data,
thus keeping only the needful data. The data is transformed from unstructured to
a bit structured form. Then, the data is converted from one format to another for-
mat. To name a few, some common formats are CSV, JSON, XML, SQL, etc. The
preanalysis of data is to be done in data exploration step. Some preliminary queries
are applied on the data to get the sense of the available data. The hypothesis and sta-
tistical analysis can be formed after basic exploration. After exploring the data, the
process of integrating data begins in which the smaller pieces of data are added up
to form big data. After that, validation rules are applied on data to verify its quality,
consistency, and security. In the end, analysts prepare and publish the wrangled
data for further analysis. Various platforms available for publishing the wrangled
data are GitHub, Kaggle, Data Studio, personal blogs, websites, etc.

Keywords: Data wrangling, big data, data analysis, cleaning, structuring,
validating, optimization
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2  DaAta WRANGLING

1.1 Introduction

Meaningless raw facts and figures are termed as data which are of no use.
Data are analyzed so that it provides certain meaning to raw facts, which is
known as information. In current scenario, we have ample amount of data
that is increasing many folds day by day which is to be managed and exam-
ined for better performance for meaningful analysis of data. To answer
such inquiries, we must first wrangle our data into the appropriate format.
The most time-consuming part and essential part is wrangling of data [1].

Definition 1—“Data wrangling is the process by which the data
required by an application is identified, extracted, cleaned
and integrated, to yield a data set that is suitable for explora-
tion and analysis.” [2]

Definition 2—“Data wrangling/data munging/data cleaning can
be defined as the process of cleaning, organizing, and trans-
forming raw data into the desired format for analysts to use
for prompt decision making.”

Definition 3—“Data wrangling is defined as an art of data trans-
formation or data preparation.” [3]

Definition 4—“Data wrangling term is derived and defined as a
process to prepare the data for analysis with data visualiza-
tion aids that accelerates the faster process.” [4]

Definition 5—“Data wrangling is defined as a process of iterative
data exploration and transformation that enables analysis.” [1]

Although data wrangling is sometimes misunderstood as ETL tech-
niques, these two are totally different with each other. Extract, transform,
and load ETL techniques require handiwork from professionals and pro-
fessionals at different levels of the process. Volume, velocity, variety, and
veracity, i.e., 4 V’s of big data becomes exorbitant in ETL technology [2].

We can categorize values into two sorts along a temporal dimension in
any phase of life where we have to deal with data: near-term value and long-
term value. We probably have a long list of questions we want to address
with our data in the near future. Some of these inquiries may be ambiguous,
such as “Are consumers actually changing toward communicating with us
via their mobile devices?” Other, more precise inquiries can include: “When
will our clients” interactions largely originate from mobile devices rather
than desktops or laptops?” Various research work, different projects, prod-
uct sale, company’s new product to be launched, different businesses etc.
can be tackled in less time with more efficiency using data wrangling.
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« Aim of Data Wrangling: Data wrangling aims are as follows:
a) Improves data usage.
b) Makes data compatible for end users.
c) Makes analysis of data easy.
d) Integrates data from different sources, different file formats.
e) Better audience/customer coverage.
t) Takes less time to organize raw data.
g) Clear visualization of data.

In the first section, we demonstrate the workflow framework of all the
activities that fit into the process of data wrangling by providing a workflow
structure that integrates actions focused on both sorts of values. The key
building pieces for the same are introduced: data flow, data wrangling activ-
ities, roles, and responsibilities [10]. When commencing on a project that
involves data wrangling, we will consider all of these factors at a high level.

The main aim is to ensure that our efforts are constructive rather than
redundant or conflicting, as well as within a single project by leveraging
formal language as well as processes to boost efficiency and continuity.
Effective data wrangling necessitates more than just well-defined work-
flows and processes.

Another aspect of value to think about is how it will be provided within
an organization. Will organizations use the exact values provided to them
and analyze the data using some automated tools? Will organizations use
the values provided to them in an indirect manner, such as by allowing
employees in your company to pursue a different path than the usual?

» Indirect Value: By influencing the decisions of others and
motivating process adjustments. In the insurance industry,
for example, risk modeling is used.

» Direct Value: By feeding automated processes, data adds value
to a company. Consider Netflix’s recommendation engine [6].

Data has a long history of providing indirect value. Accounting, insur-
ance risk modeling, medical research experimental design, and intelligence
analytics are all based on it. The data used to generate reports and visualiza-
tions come under the category of indirect value. This can be accomplished
when people read our report or visualization, assimilate the information
into their existing world knowledge, and then apply that knowledge to
improve their behaviors. The data here has an indirect influence on other
people’s judgments. The majority of our data’s known potential value will
be given indirectly in the near future.
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Giving data-driven systems decisions for speed, accuracy, or custom-
ization provides direct value from data. The most common example is
resource distribution and routing that is automated. This resource is pri-
marily money in the field of high-frequency trading and modern finance.
Physical goods are routed automatically in some industries, such as
Amazon or Flipkart. Hotstar and Netflix, for example, employ automated
processes to optimize the distribution of digital content to their custom-
ers. For example, antilock brakes in automobiles employ sensor data to
channel energy to individual wheels on a smaller scale. Modern testing
systems, such as the GRE graduate school admission exam, dynamically
order questions based on the tester’s progress. A considerable percentage
of operational choices is directly handled by data-driven systems in all of
these situations, with no human input.

1.2 Data Workflow Structure

In order to derive direct, automated value from our data, we must first
derive indirect, human-mediated value. To begin, human monitoring is
essential to determine what is “in” our data and whether the data’s quality
is high enough to be used in direct and automated methods. We cannot
anticipate valuable outcomes from sending data into an automated system
blindly. To fully comprehend the possibilities of the data, reports must be
written and studied. As the potential of the data becomes clearer, auto-
mated methods can be built to utilize it directly. This is the logical evolu-
tion of information sets: from immediate solutions to identified problems
to longer-term analyses of a dataset’s fundamental quality and potential
applications, and finally to automated data creation systems. The passage
of data through three primary data stages:

a) raw,
b) refined,
¢) produced,

is at the heart of this progression.

1.3 Raw Data Stage

In the raw data stage, there are three main actions: data input, generic
metadata creation, and proprietary metadata creation. As illustrated in
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Generic
Metadata
Creation

Data Input

Proprietary
Metadata
Creation

Figure 1.1 Actions in the raw data stage.

Figure 1.1, based on their production, we can classify these actions into
two groups. The two ingestion actions are split into two categories, one of
which is dedicated to data output. The second group of tasks is metadata
production, which is responsible for extracting information and insights
from the dataset.

The major purpose of the raw stage is to uncover the data. We ask ques-
tions to understand what our data looks like when we examine raw data.
Consider the following scenario:

« What are the different types of records in the data?

« How are the fields in the records encoded?

o What is the relationship between the data and our organi-
zation, the kind of processes we have, and the other data we
already have?

1.3.1 Data Input

The ingestion procedure in traditional enterprise data warehouses includes
certain early data transformation processes. The primary goal of these
transformations is to transfer inbound components to their standard rep-
resentations in the data warehouse.

Consider the case when you are ingesting a comma separated file. The
data in the CSV file is saved in predetermined locations after it has been
modified to fit the warehouse’s syntactic criteria. This frequently entails
adding additional data to already collected data. In certain cases, appends
might be as simple as putting new records to the “end” of a dataset. The
add procedure gets more complicated when the incoming data contains
both changes to old data and new data. In many of these instances, you
will need to ingest fresh data into a separate place, where you can apply
more intricate merging criteria during the refined data stage. It is import-
ant to highlight, however, that a separate refined data stage will be required
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throughout the entire spectrum of ingestion infrastructures. This is due to
the fact that refined data has been wrangled even further to coincide with
anticipated analysis.

Data from multiple partners is frequently ingested into separate data-
sets, in addition to being stored in time-versioned partitions. The ingestion
logic is substantially simplified as a result of this. As the data progresses
through the refinement stage, the individual partner data is harmonized to
a uniform data format, enabling for quick cross-partner analytics.

1.3.2 Output Actions at Raw Data Stage

In most circumstances, the data you are consuming in first stage is pre-
defined, i.e., what you will obtain and how to use it are known to you.
What will when some new data is added to the database by the company?
To put it another way, what can be done when the data is unknown in part
or in whole? When unknown data is consumed, two additional events are
triggered, both of which are linked to metadata production. This process
is referred to as “generic metadata creation.” A second activity focuses on
determining the value of your data based on the qualities of your data. This
process is referred to as “custom metadata creation.”

Let us go over some fundamentals before we get into the two metadata-
generating activities. Records are the building blocks of datasets. Fields
are what make up records. People, items, relationships, and events are fre-
quently represented or corresponded to in records. The fields of a record
describe the measurable characteristics of an individual, item, connection,
or incident. In a dataset of retail transactions, for example, every entry could
represent a particular transaction, with fields denoting the purchase’s mon-
etary amount, the purchase time, the specific commodities purchased, etc.

In relational database, you are probably familiar with the terms
“rows” and “columns” Rows contain records and columns contain fields.
Representational consistency is defined by structure, granularity, accuracy;,
temporality, and scope. As a result, there are also features of a dataset that
your wrangling efforts must tune or improve. The data discovery pro-
cess frequently necessitates inferring and developing specific information
linked to the potential value of your data, in addition to basic metadata
descriptions.

1.3.3 Structure

The format and encoding of a dataset’s records and fields are referred to
as the dataset’s structure. We can place datasets on a scale based on how



Basic PRINCIPLES OF DATA WRANGLING 7

homogeneous their records and fields are. The dataset is “rectangular” at
one end of the spectrum and can be represented as a table. The table’s rows
contain records and columns contain fields in this format. You may be
dealing with a “jagged” table when the data is inconsistent. A table like this
is not completely rectangular any longer. Data formats like XML and JSON
can handle data like this with inconsistent values.

Datasets containing a diverse set of records are further along the range.
A heterogeneous dataset from a retail firm, for example, can include both
customer information and customer transactions. When considering the
tabs in a complex Excel spreadsheet, this is a regular occurrence. The
majority of analysis and visualization software will need that these various
types of records be separated and separate files are formed.

1.3.4 Granularity

A dataset’s granularity relates to the different types of things that represents
the data. Data entries represent information about a large number of dif-
ferent instances of the same type of item. The roughness and refinement of
granularity are often used phrases. This refers to the depth of your dataset’s
records, or the number of unique entities associated with a single entry,
in the context of data. A data with fine granularity might contain an entry
indicating one transaction by only one consumer.

You might have a dataset with even finer granularity, with each record
representing weekly combined revenue by location. The granularity of
the dataset may be coarse or fine, depending on your intended purpose.
Assessing the granularity of a dataset is a delicate process that necessitates
the use of organizational expertise. These are some examples of granularity-
related custom metadata.

1.3.5 Accuracy

The quality of a data is measured by the accuracy. The records used to popu-
late the dataset’s fields should be consistent and correct. Consider the case of
a customer activities dataset. This collection of records includes information
on when clients purchased goods. The record’s identification may be erro-
neous in some cases; for example, a UPC number can have missing digits or
it can be expired. Any analysis of the dataset would be limited by inaccura-
cies, of course. Spelling mistakes, unavailability of the variables, numerical
floating value mistakes, are all examples of common inaccuracies.

Some values can appear more frequently and some can appear less fre-
quently in a database. This condition is called frequency outliers which
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can also be assessed with accuracy. Because such assessments are based on
the knowledge of an individual organization and making frequency assess-
ments is essentially a custom metadata matter.

1.3.6 Temporality

A record present in the table is a snapshot of a commodity at a specific
point of time. As a result, even if a dataset had a consistent representation
at the development phase and later some changes may cause it to become
inaccurate or inconsistent. You could, for example, utilize a dataset of con-
sumer actions to figure out how many goods people own. However, some of
these things may be returned weeks or months after the initial transaction.
The initial dataset is not the accurate depiction of objects purchased by a
customer, despite being an exact record of the original sales transaction.

The time-sensitive character of representations, and thus datasets, is a
crucial consideration that should be mentioned explicitly. Even if time is
not clearly recorded, then also it is very crucial to know the influence of
time on the data.

1.3.7 Scope

A dataset’s scope has two major aspects. The number of distinct proper-
ties represented in a dataset is the first dimension. For example, we might
know when a customer action occurred and some details about it. The sec-
ond dimension is population coverage by attribute. Let us start with the
number of distinct attributes in a dataset before moving on to the impor-
tance of scope. In most datasets, each individual attribute is represented by
a separate field. There exists a variety of fields in a dataset with broad scope
and in case of datasets with narrow scope, there exists a few fields.

The scope of a dataset can be expanded by including extra field attributes.
Depending on your analytics methodology, the level of detail necessary
may vary. Some procedures, such as deep learning, demand for keeping
a large number of redundant attributes and using statistical methods to
reduce them to a smaller number. Other approaches work effectively with
a small number of qualities. It is critical to recognize the systematic bias-
ness in a dataset since any analytical inferences generated from the biased
dataset would be incorrect. Drug trial datasets are usually detailed to the
patient level. If, on the other hand, the scope of the dataset has been delib-
erately changed by tampering the records of patients due to their death
during trial or due to abnormalities shown by the machine, the analysis of
the used medical dataset is shown misrepresented.
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