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This article examines the Extract-Transform-Load (ETL) process as an essential method for
preparing data from warehouses for analysis. It also covers the difficulties of combining data
from numerous external sources, converting it for consistency, and storing it in the cloud for
effective querying. Oracle Cloud Infrastructure (OCI) provides a range of services for ETL
workflows, including Oracle Data Integrator (ODI), which offers a variety of code-based data
processing options, and Data Transforms, also known as ODI Web, a modern no-code solu-
tion designed to simplify and automate data transformations and machine learning tasks. A
practical example using a League of Legends dataset illustrates how Data Transforms and
Autonomous Data Warehouse can be used for effective data preparation and analysis. The
goal of this paper is to assist data scientists in simplifying and improving data workflows
through the use of modern cloud ETL solutions.
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Introduction

Although the term itself had not yet
been formally established, individuals
have employed ETL-like processes since
the early days of database systems. To
extract data and make it suitable for anal-
ysis, it was necessary to process it into a
format more appropriate for analytical
tasks. These transformations can vary,
ranging from duplicate removal and miss-
ing value replacement to the application
of functions for generating new statistics.
This process is frequently employed in
data warehouses, which usually handle
substantial amounts of data that are orga-
nized along several dimensions, the most
significant of which is the temporal com-
ponent.
Such data is usually sourced from a wide
range of external systems such as APIs
and must be cleaned and transformed
before it can be integrated into databases
for analytical use. Therefore, ETL or its
more recent variant ELT are employed
for extracting, transforming, and upload-
ing data into various storage systems, or
for extracting and loading data into the
data warehouse and performing transfor-
mations directly within it.

OCI provides cloud-based services that fa-
cilitate both ETL and ELT workflows. Ora-
cle Data Integrator, also known as ODI, of-
fers extensive options for data processing.
Data Transforms, another service from the
OCI stack built on the ODI infrastructure, is
a no-code solution capable of executing
these processes as well as additional features
such as machine learning model generation
and graphical outputs. If needed, the code
required for the transformations designed in
the Data Transforms flow can be automati-
cally generated at runtime. This represents a
modern cloud-native approach that enables
data warehouse processing without the need
to write code manually.

2 Data Warehousing

“A data warehouse is a subject-oriented,
integrated, nonvolatile, and time-variant
collection of data in support of manage-
ment’s decisions.” [1]. Depending on the
specific needs of the business maintaining it,
data warehouses can be utilized for storing
and processing granular data for a wide
range of analytical and strategic purposes.
The most important characteristic of the data
warehouse is its integration. Multi-source
data undergoes transformation processes in
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order to become a unified corporate data
representation. As the data is being load-
ed into the warehouse, these processes
typically involve data conversion and
summarization in order to guarantee con-
sistency among datasets.

The variety of data sources and the par-
ticular needs of organizations make each
implementation and application of data
warehouses different. In general, data is
loaded into the warehouse in bulk. An-
other important characteristic of data
warehouses is time variance: each record
is associated with a temporal element,
such as a timestamp or transaction date,
facilitating trend monitoring and histori-
cal analysis.

Key characteristics of a data warehouse
include the structuring of data to facilitate
ease of access and high-speed querying,
the inclusion of large volumes of histori-
cal data, and the loading of data from
multiple sources involving various trans-
formations [2]. Additionally, data ware-
house’s architecture can be customized
for different groups within the organiza-
tion by adding data marts, which are sys-
tems designed for a particular line of
business. These can be utilized to analyze
historical data or make predictions for
certain branches separately.

Data warehouses also support on-line
analytical processing (OLAP), an essen-
tial element in decision support [3]. To
enable complex analytics and visualiza-
tion, data within the warehouse is typical-
ly organized in a multidimensional for-
mat, with time often being one of the
primary dimensions. These dimensions
commonly exhibit hierarchical structures,
allowing users to explore data at different
levels of granularity. Rollup (increasing
aggregation level), drill-down (decreasing
aggregation level or increasing detail),
slice-and-dice (selection and projection),
and pivot (altering the multidimensional
perception of data) are examples of
common OLAP procedures along one or
more dimension hierarchies.

3 Overview of ETL and ELT

Originating in the early days of database
systems, the Extract-Transform-Load (ETL)
process was initially thought of as a pro-
gramming task without a specific name or
understanding of its importance [4]. Alt-
hough ETL activities existed before the
2000s, it was only around that time that ETL
began to be clearly defined and mentioned
in well-known books. Any data processing
software that modifies or filters records,
performs calculations, and loads data into a
different storage system than the original
one can be considered a form of ETL.

ETL involves three sequential stages [5].
Data is first extracted from various sources,
commonly in formats such as comma-
separated values (CSV), Excel (XLS), text
files (.txt), JSON, or retrieved through ap-
plication programming interfaces (APIs). In
the transformation stage, the extracted data
undergoes a series of operations including
data cleaning, normalization, duplicate re-
moval, filtering, sorting, grouping, and the
application of various functions if needed.
After being transformed, the data is then
imported into a specific system, such as a
database, data warehouse, or data mart, in
order to optimize further analytical pro-
cessing.

Extract-Load-Transform (ELT) represents
an alternative data-processing approach for
analytical purposes, where data is initially
loaded in its raw form and transformed di-
rectly within the target system [6]. Both
ETL and ELT contain the same fundamental
steps; however, the key difference lies with-
in the sequence and location of the trans-
formation step. In ETL, raw data is pro-
cessed before being loaded into the target
database, whereas in ELT, data is loaded
directly into the data warehouse and trans-
formed afterwards. Consequently, ETL in-
volves moving data only once it has been
fully transformed, while ELT permits multi-
ple transformations on the data after it has
been loaded.
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4 Data Preparation Techniques for
Machine Learning

Analysts often encounter various re-
quirements depending on the characteris-
tics of the data, since each dataset used to
create machine learning models is natu-
rally distinctive [7]. Regardless of the
data source, the data preparation process
includes general operations that are often
required in addition to these specific re-
quirements. These procedures typically
include data cleaning, feature selection,
data transformation, feature engineering,
and dimensionality reduction.

Data cleaning, also known as data cleans-
ing, is the process of correcting or remov-
ing inaccuracies, inconsistencies, or in-
complete values from a dataset. This can
consist of removing outliers, identifying
and eliminating duplicates, or replacing
missing values using statistical methods
such as the mean, predicted values gener-
ated by models, or by utilizing values that
significantly exceed a specific range.
Feature selection requires identifying the
most relevant elements that influence the
prediction of the target variable. This
phase is essential for simplifying the
model, reducing overfitting, and enhanc-
ing interpretability.

Data transformation handles variable type
conversion and data scaling. Variables
may be numeric (such as integers or
floating-point numbers) or categorical
(such as nominal, ordinal, or Boolean
types). These transformations include the
following conversions: numeric variables
into ordinal ones (“Discretization Trans-
form”), categorical values into integers
(“Ordinal Transform”), or categorical
variables into binary vectors (“One Hot
Transform™). This step may also include
normalization, which rescales the data to
a range between 0 and 1, and standardiza-
tion, which modifies values to follow a
normal distribution.

Feature engineering is the process in
which new variables are created from
already existing data for enhancing the
performance of machine learning models.

Combining characteristics, computing statis-
tics from variables, or creating dummy vari-
ables are some of the methods utilized to
generate significant attributes. During this
step, complex variables can be simplified by
division into smaller parts or already exist-
ing variables can be extended.
Dimensionality reduction serves as an alter-
native to feature selection, lowering the
quantity of input features while maintaining
the data’s fundamental structure and vari-
ance. Commonly employed methods for
achieving this include Principal Component
Analysis (PCA) and Singular Value Decom-
position (SVD).

Another critical concern during data prepa-
ration is data leakage. This occurs whenever
the preparation techniques are applied to the
entire dataset prior to splitting the dataset
into training and testing subsets. As a result,
data from the test set can unintentionally
influence the training process. For example,
when calculating the mean for substituting
missing values, the train set can include a
mean calculated based on both sets if the
splitting does not occur before this opera-
tion. Thereby, performance results may be
overestimated since the model caught a part
of the test data when training. Data prepara-
tion procedures should be applied inde-
pendently to the training and testing data
after the initial split in order to prevent data
leakage.

5 Transforming Data with Oracle Cloud
Oracle Cloud Infrastructure (OCI) is a suite
of cloud services for running secure, highly
available applications with flexible storage
[8]. For cloud-native development, OCI in-
cludes services such as APl management,
machine learning, serverless functions, au-
tonomous and MySQL databases, as well as
deployment, monitoring, and observability
tools [9].

OCI’s autonomous databases provide inte-
grated data warehousing and analytics capa-
bilities that support machine learning work-
flows [10]. Both data warehouses and data
lakes are accessible through OCI’s data
warehouse services; the latter facilitates data
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processing and analytics by incorporating
built-in artificial intelligence, machine
learning, graph, spatial, and other ad-
vanced features [11]. Data scientists can
efficiently design and implement machine
learning models within Oracle Autono-
mous Data Warehouse through the use of
Oracle Machine Learning, which pro-
vides Python and SQL notebooks along
with an AutoML user interface.

While Oracle Machine Learning is a
powerful tool for in-database modeling,
this article focuses on the data transfor-
mation and preparation stages within Or-
acle Cloud. The cleaned and transformed
data will be accessed directly from the
Autonomous Data Warehouse through
Python for external machine learning
analysis.

OCI Data Integration is primarily used by
administrators, data engineers, ETL de-
velopers, and operators [12]. Since this
article focuses on data transformation for
machine learning, data engineers and
ETL developers, who are responsible for
developing, building, and testing data
integration solutions, are of primary im-
portance. The first step in the process
involves data extraction from a data enti-
ty, such as a database table, view, or file.
After that, various operators can be uti-
lized to represent input sources, output
targets, or transformations within the data
flow. The pipeline is defined as a task,
which can be executed to extract, trans-
form, and load data into the database
[13]. This flow of data between source
and target datasets, including any opera-
tions performed, is defined by Data
Flows, which are a component of Data
Integration [14].

In Data Integration, the first step in de-
signing a data flow involves selecting
appropriate data operators, such as the
source operator, which provides the input
data, and the target operator, which de-
fines the destination for the transformed
data [15]. In order to further modify data
as it passes through the pipeline, shaping
operators are additionally utilized. These

operators facilitate a variety of data pro-
cessing tasks, such as filtering, joining, the
use of expressions and aggregations, return-
ing distinct values, and sorting. They also
enable relational operations such as UNION,
MINUS, and INTERSECT, along with addi-
tional transformations such as split, pivot,
lookup, flatten, and the use of table function
operators. The flatten operator is utilized to
unnest hierarchical data structures in formats
like JSON, multi-line JSON, Avro, and Par-
quet, with the ability to unnest data in the
form of an Array. In order to build expres-
sions, functions can be utilized with opera-
tors in these data flows; these functions are
aggregate functions (COUNT, MAX, MIN,
SUM, AVG, LISTAGG), analytic functions
(FIRST_VALUE, LAG, LAST_VALUE,
LEAD, RANK() OVER, ROW_NUMBER()
OVER), arithmetic functions (ABS, CEIL,
FLOOR, MOD, POWER, ROUND,
TRUNC, TO_NUMBER), array functions,
conditional functions, date and time func-
tions, hash functions, hierarchical functions
(SCHEMA_OF_JSON, FROM_JSON,
TO_JSON, TO_MAP, TO_STRUCT,
TO_ARRAY), higher-order functions, oper-
ator (comparison) functions, string functions
and unique ID functions. Table function
operators also provide many operations em-
ployed in data processing such as deduplica-
tion, N/A drop, N/A fill, N/A replace, and
others. Attributes can also be processed in
data flows through transformations, the most
relevant ones being changing data types and
filling up nulls.

Moreover, OCI supports the building, train-
ing, and management of machine learning
models via the Data Science service, a fully
managed, serverless platform [16]. Equipped
with Python-centric tools, libraries, and
packages, data scientists can easily acquire,
profile, prepare and visualize data, perform
feature engineering, train models, and eval-
uate, explain and interpret their results.
Functions, Data Flow, Autonomous Data
Warehouse (ADW), and Object Storage are
among the other OCI stack components that
this service integrates with. Data Science is
accessible through the Console, REST API,
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Software Development Kits (SDKSs), or
Command Line Interface (CLI). Model
creation and saving can be performed
using Accelerated Data Science (ADS)
SDK, OCI Python SDK, or the Console,
with programmatic creation and saving
being the recommended method [17].
Data preparation and machine learning
workflows can also be developed using
Oracle Data Transforms, a graphical, no-
code interface that enables the design of
data loads, data flows, and workflows
within Oracle Cloud [18]. Mappings cre-
ated with Data Transforms for loading
data into Autonomous Databases can be
executed immediately or scheduled for
later deployment. Upon execution, Data
Transforms automatically generates the
necessary underlying code. In the Data
Flow editor, the available actions include
Data Transform, Data Preparation, Ma-
chine Learning, Text, and Oracle Spatial
[19]. Oracle Data Transforms supports
both ETL and ELT processes [20].

When selecting an appropriate data inte-
gration tool, it is worth noting that Data
Transforms represents the latest evolution
of Oracle Data Integrator (ODI), being
built upon its powerful engine [20, 21].
While Oracle Data Transforms shares
many foundational concepts with ODI, it
utilizes different terminology [22], and is
sometimes informally referred to as ODI
Web in the Oracle environment. De-
signed as a cloud-native data integration
solution with a modern user interface, it
prioritizes ease of use and rapid accessi-
bility.

6 ETL Implementation in Oracle
Cloud

For the practical part, | utilized a dataset
containing over 50,000 ranked matches
from the Europe West (EUW) server of
the online multiplayer game League of
Legends. The dataset is available on

Kaggle [23] and includes three accompany-
ing JSON files used for mapping champion
and summoner spell 1Ds to their correspond-
ing names. The data was collected via the
official Riot Games API [24], and it contains
historical ranked match information.

My approach involves uploading the files to
the Oracle Cloud ADW, executing the nec-
essary data processing, and loading the pro-
cessed data into a database table located in a
different schema within the created ware-
house for further analysis.

Using Oracle Data Transforms, | uploaded
the required files as objects to Oracle Cloud
through the “Load Data” option, which im-
ported them into an ADW instance previous-
ly configured for this project. The ADW was
organized into two schemas:
ETL_SOURCE, designated for the source
files, and ETL_OUTPUT, intended for the
creation of the target table. The JSON files
were loaded from my computer into separate
tables named CHAMPION_INFO, CHAM-
PION_INFO_2, and SUMMON-
ER_SPELL_INFO, with their contents
stored as CLOB data types. Because the
JSON files contained hierarchical data, |
used SQL Developer to flatten them by pars-
ing and keeping the information that | con-
sidered relevant for this project. The data
from the tables corresponding to the JSON
files with champion information was com-
bined into a single table to have the required
champion data in one place. After uploading
the CSV file, | checked the option to convert
invalid numeric values to null and then the
file was loaded into a table named GAMES.
All of these tables were placed within the
ETL_SOURCE schema. A corresponding
target table, GAME_INFO, was created in
the ETL_OUTPUT schema, aligned with the
mapping defined in Figure 1. | decided to
keep the match 1Ds, game duration, the win-
ning team, as well as the champions, their
primary roles, and the summoner spells used
by each player.
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CHAMPION_INFO_2
I
"type™ "champion”,
"version™ "7.18.1",
"data”™ {
"None": {
“tags™ [
CHAMPION_INFO it “Nores
“id": -1,
GAMES A “key": "None”
gameld "type" "champion”, “name' "Nane"
"version™ "7.17.2", b
creationTime “data™ { -
BT i JSON
gameDuration “title” "the Dark Child",
seasonld "Lde\.f'ﬂz-"Annie"
winner “name". "Annie"
)
firstBlood b -
firstTower 50N GAME_INFO
firstinhibitor .
champion_name
firstBaron
summ_spell_1
firstDragon
firstRiftHerald summ_spel_2
P —— SUMMONER_SPELL_INFO winner
i
{[1-2]_champ{1-5]_sum[1-2] ype’. “summoner”, Q
1[1-2]_towerkills “version”. "7.17.2",
"data™ {
{[1-2_inhibitorKills M
id" 1,
1[1-2]_baronKills “summonerLevel™ 6,
1[1-2]_dragonKills "::??"‘Suﬂ?ﬁ;éuosﬂ
“description”: "Removes all disables
1[1-2]_riftHeraldKills (excluding suppression and airborne) and
{[1-2]_ban[1-5] [summoner spell debuffs affecting your
champion and lowers the duration of
incoming disables by 65% for 3 seconds.”
)
P ISON
Fig. 1. Data Mapping
Following the data upload, | established represented ten champions per match.

two connections via the “Connections”
page: ORACLE_SOURCE, linked to the
source schema, and ORACLE_OUTPUT,
linked to the target schema. | then navi-
gated to the “Data Entities” tab to import
the metadata corresponding to the up-
loaded objects from both schemas. Once
the import was done, | created a new pro-
ject under the “Projects” section and ac-
cessed “Data Flows” within it for design-
ing a pipeline to integrate data obtained
from the source objects into the target
GAME_INFO table, which would then
be utilized for analysis.

To eliminate matches where the winner
value was equal to 0, which indicates that
neither team won and the game ended up
as a remake, a “Filter” operation was first
used. Next, the “Expression” operator
from the “Data Transform” panel was
used to perform an unpivot operation,
transforming the dataset by expanding
values from multiple columns into multi-
ple records, each row ending up with
match data for only one player. Specifi-
cally, each row in the original dataset

Through the use of expressions, | extracted
the game ID, winning team, champion
name, and the two summoner spells associ-
ated with each champion.

Data for Team 1 and Team 2 were combined
into a single dataset using the “Set” operator
with the UNION operation. Before merging
the two obtained sets, | transformed the
winner column using the DECODE function
to create separate binary indicators for each
team: for Team 1, a value of 1 indicated a
win (originally 1) and O indicated a loss
(originally 2); for Team 2, a value of 1 indi-
cated a win (originally 2) and 0 indicated a
loss (originally 1). This approach made it
possible to show each team’s win and loss
records separately. This transformation was
performed prior to unifying the data to sim-
plify the process and avoid complications
related to column prefixes such as “T1 " for
the first team and “T2 ” for the second one.
Following this, left outer joins were execut-
ed with the CHAMPION_INFO and SUM-
MONER_SPELL_INFO tables created from
the flattened JSON files to retain all relevant
data. Since the SUMMON-
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ER_SPELL_INFO table contained two
columns representing summoner spells,
two join operations were necessary. Fi-

nally, the transformed data was loaded into
the target table GAME_INFO, with the col-
umn mapping illustrated in Figure 2.

T SUMMONER_SFELLS 2

Cﬂf CHAMPIONS ) G Join_Sgelle 2 Y] Trancer |
8 Join_Champs H Join_Spalls_1 )

BH SUMMONER_SPELLS_1

Fig. 2. ETL Workflow

This process resulted in a dataset com-
prising over 500,000 rows. The final
structure of the GAME_INFO table is
displayed in Figure 3.

@ Mumber of Rows: 510530 Humber of Columns: 4

" Fig. 3. ETL Output

7 Integrating Data with Machine
Learning

To highlight the importance of data prep-
aration for machine learning, | created a
simple model utilizing the data from the
obtained table in order to estimate the
probability of winning in League of Leg-
ends. Due to having limited access rights
on Oracle Cloud, I couldn’t fully utilize
its tools designed for machine learning.
Therefore, | developed a project on my
local machine, in which | connected to
the Oracle ADW and performed the nec-
essary operations programmatically in
Python.

For example, instead of creating an ex-
pression within the ODI Web to insert

and utilize a random parameter for splitting
the data, | directly performed an 80-20 split
of the dataset in Python, dividing it into
training and testing sets. Similarly, rather
than using the data_cleanse feature from the
“Data Preparation” tab, I manually handled
missing values by replacing empty strings
with “” and filling empty numeric fields
with mean values, programmatically repli-
cating the cleaning process displayed in Fig-
ure 4.

mmmmmmm

uuuuuuuu

Fig. 4. ODI Web Data Cleanse

Moving on to the modeling stage, | imple-
mented a simple logistic regression to ana-
lyze the binary dependent variable WIN-
NER in relation to independent variables
representing the champions and summoner
spells used in each match, focusing exclu-
sively on pre-game data. As a result, the
model produced a low Area Under the
Curve (AUC) of 0.52 on the Receiver Oper-
ating Characteristic (ROC) curve (Figure 5).
According to standard interpretation, an
AUC close to 0.5 suggests performance
equivalent to random guessing, indicating
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that the model had no discriminating abil-
ity [25].

ROC Curve

1.0 { — ROC Curve (AUC = 0.52)

08

Sensitivity

04

0.2

0.0

0.0 0.2 0.4 0.6 0.8 1.0
1-Specificity

Fig. 5. ROC Curve

The shape of the ROC curve further sup-
ports this interpretation, as it leans toward
1-specificity axis, showing a higher rate
of false positives [26]. The model incor-
rectly predicted negative outcomes as
positive in several cases. This outcome
implies that the selected features are not
enough for the model to learn effectively.
Consequently, the predictions resembled
random classification rather than reflect-
ing significant patterns.

This limitation is not unique; a similar
pattern was observed in League of Leg-
ends Match Outcome Prediction, where
models trained only on pre-game features
performed close to random, while models
incorporating in-game data achieved sig-
nificantly better results, as measured by
ROC curves [27].

8 Conclusions and Future Work

OCI provides a wide range of options for
transforming large datasets from ware-
houses, and loading them into designated
storage systems. For ETL and ELT pro-
cesses, Oracle provides both ODI and
Oracle Data Transforms, also known as
ODI Web. The latter is built on the foun-
dation of ODI, using a similar syntax and
offering many of the same processing
features in a no-code format which can
also generate the code required for the
defined operations. In Data Transforms,
pipelines can be built in the Data Flow
interface, making development easier. In

addition to the visual workflow, the tool can
automatically generate the underlying code
once the pipeline is complete. The integra-
tion with ADW allows users to manage stor-
age and processing entirely in the cloud.

The ETL process used for this paper demon-
strates a modern approach to preparing data
from a warehouse and loading it into a target
table in a database schema. However, for the
analysis part, the results from the machine
learning model built from the processed da-
taset display that the current dataset, based
only on pre-game information, lacks the
complexity needed to build a strong predic-
tive model.

For future work, the utilized table infor-
mation could be enhanced by keeping col-
umns which contain events occurring during
the matches. Elements such as match dura-
tion, control over key objectives like drag-
ons and towers, and other gameplay events
can strongly influence the final result of the
match. Therefore, adding these variables
would likely improve the model’s predictive
accuracy.

Overall, this paper demonstrates how ODI
Web from the OCI suite can be effectively
used to develop and maintain ETL opera-
tions. It represents a modern solution for
data processing and analysis, as it also aids
in building machine learning models.
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