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Abstract— In the modern era, the prime commodity
in the technology field is the ever-growing data. Large
companies continuously keep generating data in real
time with related clients and employees. It is difficult
to interpret data in raw form but after it is processed ,
it can be used for analytics. Taking into consideration
the scale of data generated by the companies, it
becomes necessary to dedicate a huge amount of time,
people and resources to conquer the objective of data
processing. Gathering data from various distributed
sources requires much effort, time and resources. It
also includes other difficulties in transporting data
from its source to the destination. The main objective
of Data pipelines is to increase the efficiency of data-
flow from the source to the destination. Since this
process is completely automated, there is very less
human involvement.

The main objective of the modern data pipeline is to
solve the problems corporates bring in data-
pipelining technologies and directly receive processed
data at the destination. With traditional data transfer
processes like Extract, Transform and Load (ETL)
having several shortcomings it becomes a new norm to
choose the modern data pipeline stack which
comprises extract, load and transform (ELT) to make
better decisions. This paper tries to give an insight on
the major differences between the two and how the
modern data stack can be used to your company’s
advantage.
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I. INTRODUCTION

Large companies generate a lot of data on a daily basis.
This problem has been further amplified by the recent
development of cloud-based applications and services .The
appearance of web apps and services has contributed to an
explosion of data.Most data is generated for making
informed decisions, training the models using machine
learning deep learning concepts. .Many companies around
the world have now understood that big data is an

important contributor for success. However, quality -data
is necessary for excellent data products . Companies that
are dependent on data should be able to gather, store,
manage and process this high-quality data.

This chain of various interrelated activities from data
generation to data reception constitutes a data pipeline. In
other words, data pipelines can also be defined as the
connected chain of processes where the outcome of some
processes becomes an input for another process. Data
pipelines should be able to handle batch data and
intermittent data as streaming data. Also, there are no
hard constraints on the data destination. It can route data
through applications like visualization or machine learning
/ deep learning models and not only data storage like a
data warehouse to be the destination of data.

In this paper, we study modern data pipelines, explore the
best ways to gather data, process, store and manage data.
We also explain why data pipelines are at the heart of
modern software development and how the technology
could be improved to navigate around barriers. Finally,
this paper also mentions the potential security risks the
technology poses.

BACKGROUND

Previously the data-pipeline services were based on
Extract-Transform-Load (ETL).

In this method data was extracted from the source and
loaded in to data warehouse according to requirements.
Cost efficient remote data storage facilities were not
present which led to the usage of this system for long time.
So data was modified to store the data queried for
analysis. Certain algorithms were used to transform the
source data. Source data was then used to generate a small
amount of data that meets query requirements.

This method had several limitations such as, raw data
cannot be directly queried since it is not available at the
warehouse end, subject matter experts helped design
algorithms and queries that can combine data and extract
information enough for analytics from smaller extent of
data. Some of the ETL limitations are
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1. Complexity. Data pipelines run on custom code dictated
by the specific needs of specific transformations. This
means the data engineering team develops highly
specialized, sometimes non-transferrable skills for
managing its code base.

2. Brittleness. For the aforementioned reasons, a
combination of brittleness and complexity makes quick
adjustments costly or impossible. If there is some error or
warning functionality of the code wont work properly. It is
very difficult to make changes in the code.

3. Customization and sophistication - Data pipeline not
only extract data but make complex changes that meet
specific analytical requirements for end users. This means
a lot of custom codes.

II. RELATED WORKS

The concept of data pipes is a recent one. Recent advances
in cloud infrastructure have led to advancements in the
field of data pipes. These are some new findings in the
corresponding area of data pipelines. In 2009, research
was conducted on ETL Technology [1] and it was based on
the following principle. The initial software programs that
support the initial stacking and occasional refreshing of
the warehouse are wusually known as Extraction-
Transformation-Loading (ETL) forms. There were some
limitations, however, information mining remains a
difficult problem, largely due to resource constraints,
streamlining and recovery issues, and non-benchmarking
hindering future research. Then in 2012 Real Time ETL
Data Warehousing was investigated [2]. The goal was to
achieve a real-time data warehouse that is highly
dependent on the choice of process in the data warehouse
technology known as extract, transform and load (ETL). In
2013, a synchronous investigation[3] was underway in
ELT, using the capabilities of the Information Distribution
Center to directly import raw natural records, allowing
change and cleaning the information until required by
pending reports.

Later in 2016, ETL was adopted for several applications,
for example in the clinical field [3]. This information must
be properly removed, changed and stored while
maintaining the integrity of this information. It approved
the accuracy of the extract, later in [4] the authors proved
that despite the fact that many solutions have been
presented in the literature to improve the speed of the
extraction, transformation and loading phases of the data
channel, the question of data integration still arises in the
big data environment. In addition, developers have to deal
with a lot of heterogeneity because there are several ways

in which data is formatted or different data structures[5].
During the work in [6], he tries to use context-aware
computing and merge the Data WareHouse (DWH)
technology with the Data Lake technology in order to
improve the computing mechanisms in the data pipeline
[6]- In [7], the authors provide an overview of how to
design  conceptual models that can facilitate
communication between different data teams and that can
further improve system efficiency on heterogeneous data.
In addition, it can be used for automatic monitoring, error
detection, mitigation and alarming at various stages of the
data pipeline.

III. METHODOLOGY

The introduction of ETL was for the process of compiling
and uploading data for the sake of numeric calculations
and analytical purposes, and eventually became a major
data processing method for data storage projects with the
spread of information in the 1970s.The basic steps
provided by ETL is to analyze the data and to leverage
machine learning capabilities to the best of its ability. If it
is given a set of business rules, ETL is able to clean and is
able to organize your data in such ways that it is able to
meet the specific business intelligence requirements

Let us understand each step of the ETL process and why it
is not suitable for current data workflow

ETL Workflow
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Fig 1- ETL Workflow
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A.Extraction: The initial and most important step in the
ETL process is known as the extraction phase. This is the
step where you need to extract data from different source
systems in different formats of JSON, XML, flat files etc.
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move it to temporary storage. Because the extracted data
is diverse and potentially corrupt, it is important to extract
the data from different source systems and store it in the
stage first, rather than directly in the data warehouse.

B.Transformation: The transformation, or conversion
phase, is the second step in the ETL process. This is the
step in which a set of tasks is applied to the extracted data
and converted into a single consensus standard format
that can be used during the next or later stage of the ETL
process. This involves various steps, some of which are:
Filtering, cleaning, deduplication, validation and data
validation. Cleanup - wherever NULLs are found, some
general value is added to them, for example, the NULL
value can be replaced by a mean value. in numerical data.
Splitting - splitting one attribute into multiple attributes.

C.Loading:

The upload process or data pool is the final and final step
of this process. This is the process by which data
eventually becomes data converted or converted into a
data repository of our choice.

As in the ETL process, both extraction and conversion are
performed before any data is loaded locally, tightly
integrated. In addition, because conversion is determined
by the specific needs of analysts, each ETL pipeline is a
complex, custom-built solution. The set environment of
these pipelines makes measuring very difficult, especially
adding data sources and data models so modern data
pipelines use ELT(Extract, Load and
Transform)mechanism.

ELT

Extract/Load/Transform (ELT) is the method of fetching
data from data sources and loading it into a destination
warehouse followed by transformation of data.. ELT
depends on the target to perform the data transformation.
This approach requires less resources than other methods
because it requires only raw and unprepared data. It is
becoming more and more common to extract data from
the source location, load it into the target data warehouse,
and transform it into actionable business intelligence.

ELT Process
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Fig 2-ELT Process

This process consists of three steps:

A.Extract — This is the step where you need to extract
data from different source systems in different formats of
JSON, XML, flat files. This step is the same for both ETL and
ELT methods. Raw data from different applications,
software are gathered in this step in ELT.

B.Load — This is where ELT evolves from its ETL.Data
extracted are loaded directly to destination instead of
loading it to a staging server for transformation. It reduces
the cost needed to manage staging servers and also
reduces the time between extract phase and load phase.

C.Transformation — This phase in ELT happens at the
destination warehouse instead of transforming data in
staging servers. A database or data warehouse sorts and
normalizes data and transforms it according to source
data. Cost of the operation will be highly reduced in ELT as
transformation is happening at the destination warehouse
without using any staging server for transformation.
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Fig-3: Difference between ETL and ELT
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The most obvious difference between ETL and ELT is the
difference in the order of operations. ELT copies or exports
data from the source location, but instead of loading the
data into the staging area for conversion, it loads the raw
data directly into the target data store for conversion as
needed. Both processes utilize different data stores such as
databases, data warehouses, and data lakes, but each
process has its strengths and weaknesses. ELTs are
especially useful for large unstructured datasets because
they can be loaded directly from the source. ETL is suitable
for legacy on-premises data warehouses and structured
data. ELT is designed for cloud scalability.

IV. RESULTS AND ANALYSIS

Detailed review of ETL and ELT have been discussed
above. ETL is traditional process for collecting and
transforming data into data warehouse where as ELT is
modern process for collecting and transforming both
structured and unstructured data into cloud based data
warehouse. ELT provides support for data lakes , data
marts or data lake house which was not found in ETL
method. Im recent times it is necessary to handle data of
any size or any type ELT is well suited for this as compared
to ETL. Transformation and loading processes are more
efficient in ELT than in ETL. Since ELT is cloud based it is
cost efficient. whereas ETL is on-premises and requires
expensive hardware. ETL is more suited with GDPR and
CCPA standards. ELT has more risk of exposing private
data and not complying with GDPR and CCPA standards.
ELT is a modern alternative to ETL.

V. CONCLUSION

The study focuses on challenges and opportunities in
implementing and managing the data pipeline. Challenges
fall into three categories: infrastructure, organization, and
data quality challenges. The Ilatest cloud-based
infrastructure technology provides huge amounts of data
storage and computing power at low cost, storing
petabytes of data in large, scalable data lakes for rapid on-
demand processing. will do so. The surge in data lakes has
enabled more companies to move from ETL to ELT. ELT
seems to be the future of data integration and has many
advantages over the old and slow process ETL. The
amount of data in your business is growing exponentially,
and ETL tools cannot integrate all this data into one
repository for efficient processing. With increased agility
and less maintenance, ELT is a cost-effective way for
businesses of all sizes to take advantage of cloud-based
data.
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