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1. Abstract

This thesis presents a comparative analysis of relational and graph database approaches using the
Brazilian E-Commerce Public Dataset by Olist [15]. The same underlying data was implemented
in PostgreSQL using a relational model and in Neo4;j using a labeled property graph model. To
support the practical comparison, the thesis first provides a concise theoretical overview of the
main concepts of relational and graph databases, establishing the background necessary to
understand how the two database models represent data, relationships, and database structures.
The objective was to examine how the two approaches differ in terms of data modelling, database
construction, query formulation, analytical capabilities, and execution performance, particularly
as the analysed problems become increasingly relationship oriented.

The comparison includes both basic descriptive queries and more advanced analytical tasks. The
latter focus on identifying similar customers based on shared sellers and product categories,
generating category and product recommendations, constructing and analysing a seller network,
and performing multi-step traversal at increasing path lengths.

The results show that both database systems are suitable for basic queries, where only limited
differences in execution time and query complexity were observed. More considerable differences
emerged in relationship oriented analyses. PostgreSQL [19] was able to perform the examined
tasks through joins, aggregation, recursive common table expressions, and explicitly constructed
graph-like representations, and in some cases careful query optimization considerably improved
its performance. Neo4j [9], however, provided a more direct representation of connected data and
a specialized environment for graph analysis through its native relationships and Graph Data
Science algorithms. It also offers dedicated implementations of advanced graph algorithms such
as PageRank and Louvain community detection, while reproducing comparable analyses in
PostgreSQL would require substantially more complex relational constructions. A particularly
clear performance difference was observed in multi-step traversal, where PostgreSQL execution
time increased sharply with traversal depth, while Neo4j remained within the millisecond range in
the conducted experiment.

Overall, the comparison demonstrates that neither database model offers a universal advantage in
all types of analytical tasks. Their relative advantages depend on the structure of the data and the
type of analysis being performed.



2. Introduction

Databases [4] are a fundamental component of modern information systems, providing structured
mechanisms for storing, managing, retrieving, modifying, and analysing related data efficiently.
They are used across a wide range of application domains, including e-commerce, financial
services, healthcare, transportation, and social networking, where large amounts of data must be
managed reliably and efficiently. A database is typically managed through a Database
Management System (DBMS) [6], which provides an interface between users, applications, and
the stored data. A DBMS supports operations for defining database structures, inserting, updating,
deleting, and retrieving data, as well as executing more complex queries. One of the key
responsibilities of a DBMS is to maintain the integrity and consistency of stored data. Integrity
constraints can be used to enforce predefined rules on the data, while transaction management and
concurrency control mechanisms help preserve consistency when multiple operations or users
access the database simultaneously. DBMSs also provide mechanisms for controlling access to
data through authentication, authorization, and user privileges. Furthermore, backup and recovery
mechanisms can be used to protect data against system failures and support the restoration of the
database to a consistent state [1], [6].

2.1 Types of Databases

As the amount and variety of digital data have grown, different database models have been
developed to address different application requirements. Database models differ in how they
organize data, represent relationships, and support data access. Some of the most important
database types are summarized below.

Hierarchical Databases: Hierarchical databases [11] are among the earliest database models. They
organize data in a tree-like structure consisting of parent and child records, where each child has
only one parent. This structure is suitable for naturally hierarchical data but provides limited
flexibility when more complex relationships need to be represented. IBM’s Information
Management System (IMS) is a well-known example of this model.

Network Databases: A network database [11] organizes data as records connected through explicit
links or pointers. Records can have parent—child relationships, and navigation between them is
performed by following these predefined connections. Different types of pointers can support
forward, backward, or direct access between related records. This structure can provide fast access
to connected data, although updates may be more complex because the links between records must
also be maintained.

Relational Databases: The relational model [1], [12] was introduced by Edgar F. Codd in 1970
and subsequently became the dominant database model. Data is organized into relations,
commonly represented as tables consisting of rows and columns, while relationships between data
can be established through keys. Relational database management systems commonly use SQL for
defining, manipulating, and querying data and provide transaction management mechanisms to
maintain data consistency and integrity.

Object-Oriented Databases: Object-oriented databases [11] store data in the form of objects,
similarly to object-oriented programming languages such as Java or C++. They can represent
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complex data types and structures, including images, multimedia, hierarchies, and relationships
between objects. Although object-oriented database systems became useful in specialized areas
such as engineering and geographic applications, they never became as widely adopted as
relational databases.

NoSQL Databases: NoSQL databases [11] include a range of non-relational database models
designed to provide alternatives to the traditional relational structure. They commonly support
flexible data representations and are often used in distributed systems and applications involving
large or rapidly changing datasets. Major NoSQL categories include document, key-value,
column-family, and graph databases.

Document Databases: Document databases [13] organize data into documents, commonly
represented using formats such as JSON or BSON. Documents can have different structures,
allowing the database schema to remain flexible. MongoDB is a widely used example of a
document-oriented database management system.

Key-Value Databases: Key-value databases [1] store data as pairs consisting of a unique key and
an associated value. Their simple structure enables efficient retrieval based on keys and makes
them suitable for applications such as caching and session management. However, they generally
provide more limited support for complex relationships and queries.

Column-Family Databases: Column-family databases [1] organize data into column families and
are designed to support largescale and distributed data processing. Their structure can provide
efficient access to selected groups of attributes and is particularly useful for applications involving
large volumes of data.

Graph Databases: Graph databases [7], [8] focus on data in which relationships are an important
part of the information being represented. Data is modeled using nodes, relationships, and
properties, allowing connections between entities to be represented directly within the database
structure. Typical application areas include recommendation systems, fraud detection, social
networks, and knowledge graphs.

Time-Series Databases: Time-series databases [14] are specialized for storing and processing data
associated with timestamps. They are designed for continuously generated observations and
measurements and are commonly used for monitoring, sensor and IoT data, and financial or other
time-dependent applications.

As the focus of this thesis is the comparison of relational and graph database approaches, these
two database models are discussed in greater detail in Chapters 4 and 5.



3. Entity-Relationship Model

An Entity-Relationship model (ER model) [1] is a conceptual data model used to describe the
structure of a database before it is implemented in a database management system. An ER model
represents the structure of a database using a graphical representation called an Entity—
Relationship Diagram (ERD). Its main purpose is to represent:

e what data needs to be stored
e how different pieces of data are related
e the rules and constraints that govern those relationships

An ER diagram has three main components: entity, attribute, relationship.
Entity

An entity [1] represents a physical or abstract object in the real world about which information is
stored in a database. In an ER model, entities are usually represented by rectangles. Two main
types of entities can be distinguished:

e Strong Entity: A strong entity can be uniquely identified by its own attributes and does
not depend on another entity for identification. It therefore has its own primary key and is
represented by a single rectangle in an ER diagram. For example, a Customer can be
identified by its customer_id, while an Order can be identified by its order_id. Figure I
shows the Customer entity as an example of a strong entity. It can be uniquely identified
by its customer_id attribute and also contains several additional attributes.

®/ Customer zip_code_prefix

-

< BN

Figure 1: Example of a strong entity and its attributes in an ER diagram

e Weak Entity: A weak entity cannot be uniquely identified only by its own attributes.
Instead, its identification depends on a related strong entity together with a partial key. A
weak entity is represented by a double rectangle, while its identifying relationship is
typically represented by a double diamond. For example, an Order Item may be identified
by the combination of the related order_id and its order_item_id. Without knowing the
corresponding order, the item cannot be uniquely identified. Figure 2 shows the Order Iltem
entity as an example of a weak entity. Its identification depends on the related Order entity,
while order_item_id serves as a partial key.
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Figure 2: Example of a weak entity and its identifying relationship with a strong entity in an ER diagram

Attribute

Attributes [1] describe the properties or characteristics of an entity and provide additional
information about its instances. Depending on their role and structure, several types of attributes
can be distinguished in an ER model.

A key attribute uniquely identifies each instance of an entity and is represented by an underlined
oval. For example, customer_id can serve as the key attribute of the Customer entity. In contrast,
a partial key attribute belongs to a weak entity and can distinguish weak entity instances related
to the same strong entity, but it cannot uniquely identify them independently. For example,
order_item_id may act as a partial key for an Order Item, since it has to be considered together with
the corresponding order. A partial key attribute is represented by an oval in which the attribute
name is underlined with a dashed or dotted line.

Attributes can also differ according to their internal structure. A simple attribute cannot be
meaningfully divided into smaller components, such as the price of an order item. A composite
attribute, on the other hand, consists of several related components. For example, an address could
be divided into city, street and ZIP code.

Some attributes may contain more than one value for a single entity instance. These are called
multivalued attributes and are represented by a double oval. For example, a person may have
several phone numbers or academic degrees. Finally, a derived attribute is calculated from other
stored information rather than stored directly. A typical example is age, which can be calculated
from a person's date of birth. In an ER diagram, derived attributes are usually represented by
dashed ovals.

Figure 3 illustrates several common attribute types used in ER modeling. The Customer entity is
connected to a simple attribute (state), a key attribute (customer_id), a composite attribute
(address) consisting of city, street, and zip_code, and a derived attribute (age). The figure also
shows the different graphical notations used to distinguish these attribute types.
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Figure 3: Examples and graphical representation of different attribute types in an ER diagram

Relationship

A relationship [1] represents an association between two or more entities and describes how their
instances are connected. Relationships make it possible to model the dependencies and interactions
between different parts of the data. In an ER diagram, a relationship is typically represented by a
diamond shape connected to the participating entities. A relationship may also contain its own
attributes when additional information about the association needs to be stored. An important
property of a relationship is its cardinality, which defines how many instances of one entity may
be associated with instances of another entity. There are four types of cardinal relationships:

e One to One (1:1): A one to one relationship means that one instance of an entity is
associated with only one instance of another entity, and vice versa. For example, a
customer could be associated with one loyalty card, while each loyalty card belongs to
only one customer.

e One to Many (1:N): In a one to many relationship, one instance of the first entity can be
associated with several instances of the second entity, while each instance of the second
entity is associated with only one instance of the first. For example, one customer can
place several orders, but each order is placed by one customer.

e Many to One (N:1): A many to one relationship describes the same type of association
from the opposite direction, which means that multiple instances of one entity can be
associated with a single instance of another entity. For example, multiple Customer
entities may be associated with the same Geolocation, while each customer is linked to
one geographical location.

e Many to Many (N:M): A many to many relationship allows multiple instances of both
entities to be associated with each other. For example, one order may contain several
products, while the same product may appear in several different orders.



Figure 4 illustrates the four main cardinality types used in ER modeling. A (1:1) relationship is
shown between Customer and Loyalty Card, while a (1:N) relationship connects Customer and
Order. The (N:1) example shows multiple Customer entities associated with one Geolocation, and
the (N:M) relationship is illustrated between Order and Product.

One to One (1:1) Many to One (N:1)
—_— TN
1 1 N - S~ 1 .
Customer HAS Loyalty Card Customer < PLACES _>——— Geolocation
~. -
\\\_/./ ~
One to Many (1:N) Many to Many (N:M)
1 ' . N N M
Customer | - PLACES > Order Order CONTAINS Product

Figure 4: Examples of the main relationship cardinalities in an ER diagram

3.1 Dataset description

The dataset used throughout this thesis is the Brazilian E-Commerce Public Dataset by Olist [15],
obtained from Kaggle. Olist is a Brazilian e-commerce platform, and the dataset contains
information about approximately 100,000 orders placed between 2016 and 2018. It provides
information from several perspectives of the e-commerce process, including customers, orders,
purchased products, sellers, payments, customer reviews, and geographical information.

The dataset is divided into eight CSV files according to the type of information they contain. The
customers file stores customer identifiers and location information, while the orders file describes
individual orders, their status, and timestamps associated with different stages of order processing.
The order_items file contains the individual products purchased within each order and identifies
the corresponding seller. Product characteristics are stored in the products file, while seller
information is provided in the sellers file. Additional files contain payment transactions, customer
reviews, and geographical information.

The files are connected through common identifiers. The customer_id connects customers to
orders, while order_id links orders to order items, payments, and reviews. Each order item contains
a product_id and a seller_id, connecting it to the corresponding product and seller. Customer and
seller ZIP code prefixes can also be linked to the geolocation data. These connections make it
possible to reconstruct the main parts of the purchasing process across the different files.

The individual files also differ considerably in size. For example, the dataset contains 99 441
customer records and 99 441 order records, 112 650 order item records, 103 886 payment records,
32 951 product records, and 3 095 seller records. The geolocation file is considerably larger,
containing more than one million rows because multiple coordinates may be associated with the
same ZIP code prefix.
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This structure makes the dataset particularly suitable for the objectives of this thesis. On the one
hand, the separate but interconnected files naturally support a relational representation based on
relations, primary keys, and foreign keys. On the other hand, the large number of connections
between customers, orders, products, sellers, reviews, payments, and locations also provides a
suitable basis for representing and analysing the same data as a graph. This allows the two database
approaches to be compared using the same underlying e-commerce information.

3.2 The ER model of the Olist dataset

To provide a clearer representation of the structure of the Olist dataset, an ER model was developed
based on the theoretical concepts discussed above. The model illustrates how the entities within
the dataset are organized, the attributes that describe them, and the relationships that connect them.

As shown in Figure 5, the Order entity occupies a central position in the ER model, connecting the
main components of the e-commerce process. Each order is associated wih a customer and can be
linked to purchased products and sellers through order items, as well as to payment and review
information. Each customer can place multiple orders, while every order is associated with exactly
one customer, representing a one to many relationship. An order may contain multiple order items,
each corresponding to a specific product sold by a seller. This structure also enables a single order
to contain products offered by different sellers. Products and sellers are connected through the
Order Item entity, which acts as an associative entity and stores transaction-specific information
such as price, freight value, and shipping limit date. Additional entities provide complementary
information about each transaction. The Order Payment entity stores payment details, including the
payment sequential, payment type, number of installments, and payment value . The Order Review
entity captures customer feedback through review scores, comments, and relevant timestamps.
Customer and seller locations are represented through the Geolocation entity, which stores
geographical information such as ZIP code prefix, city, state, latitude, and longitude. Both
Customer and Seller are linked to this entity, enabling the spatial analysis of purchasing and selling
activities.

The key attributes of the strong entities are highlighted in red in Figure 5. These attributes uniquely
identify individual instances of entities such as Order, Customer, Seller, Product, and Geolocation.
The weak entities Order Item, Order Payment, and Order Review depend on the Order entity for
their identification. Their partial key attributes are highlighted in green and distinguish weak entity
instances associated with the same order. Together with the key attribute of the identifying Order
entity, they uniquely identify each weak entity instance.
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The ER model provides a clear overview of the structure of the Olist dataset by showing how its
main entities are connected. It also serves as a basis for the subsequent database implementation
and analysis by identifying the relationships and dependencies between the different data

components.
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4. Relational Databases

Relational databases represent one of the most common approaches to structured data management
and form one of the central areas examined in this thesis. Since the main objective of this work is
to compare relational and graph database approaches, understanding their underlying concepts is
essential for interpreting the differences observed in their data models, query formulation, and
analytical capabilities. Therefore, this chapter presents the most relevant theoretical foundations
of relational databases, including the relational model, its fundamental concepts and integrity
constraints, relational database management systems, and Structured Query Language (SQL).

4.1 Relational Model Concepts

The relational model [1] represents a database as a collection of relations. A relation can be viewed
informally as a table consisting of rows and columns. In formal relational terminology, a row is
referred to as a tuple, while a column is represented by an attribute. Each tuple describes a
particular fact represented in the database, while the attributes determine the meaning and structure
of the values stored within it.

Each attribute is associated with a domain, which defines the set of acceptable atomic values for
that attribute. A domain therefore determines the type and possible values that can occur for a
particular attribute. For example, in the Olist dataset, the order_status attribute of the orders
relation contains values describing the current state of an order, while order_purchase_timestamp
contains temporal values representing when orders were placed. Similarly, the price attribute of
order_items represents numerical monetary values.

The structure of a relation is formally described by a relation schema, which can be expressed as
R(A1, A, ..., An), where R is the name of the relation and A, A,, ..., A, are its attributes. The number
of attributes in the schema is called the degree, or arity of the relation [1]. For example, a simplified
Olist product relation could be represented as

PRODUCTS(product_id, product_category name, product_description_lenght),

where PRODUCTS 1is the relation name and product id, product category name and
product_description_lenght are its attributes.

While a relation schema describes the relatively stable structure of a relation, the relation state
[1] represents the current set of tuples contained in the relation at a particular point in time.
Consequently, the schema generally remains unchanged while the state can change when tuples
are inserted, modified, or deleted. A relation state must conform to the structure and constraints
specified by its relation schema.

4.1.1 Characteristics of Relations

Relations have several characteristics that distinguish the relational model from a simple collection
of tabular records. First, a relation is mathematically defined as a set of tuples [1]. As a
consequence, tuples have no inherent ordering. Although rows are necessarily stored and displayed
in some physical sequence, this order has no semantic significance in the relational model. If a
particular ordering is required when retrieving data, it must be explicitly specified by the query.
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Similarly, the presentation order of attributes does not determine their meaning at the conceptual
level. Values are associated with attributes, and changing the order in which columns are displayed
does not change the meaning of a relation as long as the correspondence between attributes and
their values is preserved [1].

Another fundamental characteristic is that attribute values are considered atomic [6] within the
basic relational model. This means that a single attribute value is treated as an indivisible value in
the context of the model. This principle corresponds to the first normal form (1NF) assumption
and prevents multivalued attributes from being directly represented within a single attribute.

A tuple may also contain the special marker NULL [1] to represent the absence of a meaningful
attribute value. NULL is different from zero or an empty string and may indicate that a value is
unknown, unavailable, or not applicable to a particular tuple. Since NULL does not represent an
ordinary domain value, it requires special treatment in operations such as comparisons and logical
expressions.

4.1.2 Domain and Key Constraints

Relations are subject to constraints that restrict the values and combinations of values that may
occur within them. Among the fundamental constraints of the relational model are domain
constraints and key constraints [1].

For an attribute A; of a relation, let D; denote its domain. A domain constraint requires that the
value of 4; in every tuple belongs to this domain:

t[4;] € D;.

In practice, the domain may be restricted by the attribute's data type, format, or allowable range.
For example, in the Olist dataset, the price attribute of the order_items relation contains numerical
values, while the timestamp attributes of the orders relation contain temporal values.
Key constraints [1] provide a mechanism for uniquely identifying tuples within a relation. Let K
denote a set of attributes. K is a superkey if no two distinct tuples have the same values for all
attributes in K. Formally,

tlK]l=6[Kl=t =t

for any tuples t; and ¢, in the relation. A candidate key is a minimal superkey, meaning that no
proper subset of K preserves this uniqueness property. If several candidate keys exist, one may be
selected as the primary key, while the remaining candidate keys are considered alternate keys.
For example, in the Olist dataset, order_id serves as the primary key of the orders relation, while
customer_id and seller_id serve as the primary keys of the customers and sellers relations,
respectively. Each of these attributes uniquely identifies a tuple within its corresponding relation.

4.1.3 Relational Databases and Relational Database Schemas

The concepts introduced so far describe individual relations and the constraints that apply to them.
In practice, however, related information is commonly distributed across multiple relations. A
relational database consists of a collection of relations whose data may be related to one another.

A relational database schema [1] defines the set of relation schemas together with the integrity
constraints that apply to them. The corresponding relational database state [1] represents the
collection of relation states at a particular point in time. A database state is considered valid when
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the individual relation states conform to their schemas and satisfy the specified integrity
constraints.

4.1.4 Entity Integrity, Referential Integrity, and Foreign Keys

In addition to constraints that apply to individual relations, a relational database must maintain
consistency both within and between its relations. Two fundamental constraints serving this
purpose are entity integrity and referential integrity.

The entity integrity constraint [1] requires that no attribute forming part of a primary key can
contain a NULL value. Formally, let PK denote the primary key of a relation R, then for every tuple
t ER,

t[A] # NULL VA € PK.

This condition ensures that every tuple can be uniquely identified. Since the primary key is used
for identification, allowing a NULL value in any of its attributes would prevent the reliable
identification of the corresponding tuple.

Referential integrity [1] concerns associations between different relations and is enforced through
foreign keys. A foreign key is an attribute or a set of attributes in one relation that references a key
in another relation. Suppose FK is a foreign key in relation R; that references a key K in relation
R,. Referential integrity requires that, for every tuple t; € R,,

t1[FK] € {t,[K]|t; € R}
or, when NULL values are permitted,
t,[FK] = NULL.

In other words, each non-NULL foreign key value must correspond to an existing key value in the
referenced relation. This prevents references to entities that do not exist. For example, in the Olist
database, customer_id in the orders relation references customer_id in the customers relation.
Therefore, every non-NULL customer_id appearing in orders must also exist in customers. This
ensures that an order cannot refer to a customer that is absent from the database.

4.2 Relational Database Management Systems

A Relational Database Management System (RDBMS) [1] is a software system used to define,
store, manipulate, and retrieve data organized according to the relational model. In addition to
providing mechanisms for creating and querying relations, an RDBMS is responsible for enforcing
integrity constraints and managing the physical storage and processing of data.

Modern relational database systems also provide functionality such as transaction management,
concurrency control, indexing, access control, backup, and recovery. These mechanisms enable
multiple users and applications to interact with a database while preserving the consistency and
reliability of stored information.

PostgreSQL [16] is an open-source object-relational database management system that
implements the fundamental concepts of the relational model while providing additional
functionality for complex data management and analysis. It supports primary and foreign keys,
integrity constraints, transactions, indexes, views and materialized views, as well as advanced SQL
functionality such as common table expressions, recursive queries, aggregate functions, and
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window functions. PostgreSQL also includes a query planner and optimizer, which determines
how SQL statements should be executed. Rather than requiring the user to specify the exact
physical execution procedure, PostgreSQL evaluates possible execution strategies based on factors
such as table statistics, available indexes, join methods, and estimated processing costs. This
distinction between the declarative specification of a query and its physical execution is
particularly relevant when analysing query performance.

Structured Query Language (SQL) [1] is the principal language used to interact with relational
database management systems. SQL is declarative, meaning that a query specifies the required
result rather than the exact sequence of internal operations needed to obtain it. The database
management system is responsible for determining an appropriate execution strategy.
SQL provides statements for several aspects of database management. Data Definition Language
(DDL) statements define and modify database structures, including relations and constraints, while
Data Manipulation Language (DML) statements are used to insert, update, and delete stored data.
Data retrieval is primarily performed using the SELECT statement.

Queries can filter tuples, select specific attributes, group data, calculate aggregate values, and order
query results. When the required information is distributed across multiple relations, join
operations combine related tuples according to specified conditions. In normalized relational
databases, joins play an important role because data related to the same business process is often
distributed among several relations.

More complex operations can additionally be expressed through subqueries and Common Table
Expressions (CTEs), while recursive CTEs allow SQL to process data structures or relationships
that require repeated application of the same query logic [1].

4.3 Development of the Relational Database for the Olist
Dataset

This chapter demonstrates the implementation of the Olist dataset as a relational database in
PostgreSQL, building on the ER model and relational concepts introduced in the previous chapters.
It describes the transformation of the conceptual model into a relational schema, including the
definition of tables, primary and foreign keys, and relationships between them. The resulting
database structure and the integrity constraints applied to maintain data consistency and referential
integrity are also discussed.

4.3.1 Relational Database Schema

Based on the ER model presented in Chapter 3, the relational schema of the Olist database was
developed by mapping the identified entities to tables and representing their relationships
through foreign keys. Figure 6 presents the resulting database schema and shows how the
individual tables are connected.
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Figure 6. Relational database schema of the Olist dataset implemented in PostgreSQL.

4.3.2 Description of the Relations

This subsection provides a detailed description of the relations that constitute the relational
implementation of the Olist dataset. It outlines the role of each relation within the schema,
identifies the relevant primary and foreign keys, and explains how the relations are connected to
one another. Where modifications to the original dataset were necessary, these are also described
in order to clarify the design decisions made during the construction of the relational database.

The geolocation relation stores geographical information associated with ZIP code prefixes and
serves as a reference table for the customers and sellers relations. The primary key is
zip_code_prefix, which is referenced as a foreign key by both relations. Storing the geographical
information separately also avoids repeating the corresponding location data for individual
customers and sellers. In the original Olist dataset, multiple geolocation records may share the
same geolocation_zip_code_prefix while containing different latitude and longitude values.
Therefore, geolocation_zip_code_prefix cannot directly be used as a primary key, since it does not
uniquely identify individual records. To obtain a single record for each ZIP code prefix, the
geolocation data was grouped by geolocation_zip_code_prefix, and the arithmetic mean of the
latitude and longitude values was calculated for each group. The resulting relation contains one
representative coordinate pair for each ZIP code prefix, allowing zip_code_prefix to be used as its
primary key and referenced by the customers and sellers relations. This transformation results in a
loss of detail in the coordinates, since multiple original coordinate values are represented by their
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average. However, this representation is sufficient for the purposes of this database, where
geographical information is used to associate customers and sellers with ZIP code prefixes and to
support analysis by region rather than to determine precise locations.

The customers relation stores information about customers who have placed orders through the
Olist platform. Each tuple is uniquely identified by the customer_id attribute, which serves as the
primary key of the relation. The relation also contains customer_unique_id, which allows the same
customer to be identified across multiple customer records. To avoid storing geographical
information redundantly, the customer city and state attributes from the original dataset were not
retained in the customers relation, as this information is represented separately in the geolocation
relation. Instead, customer_zip_code_prefix is retained as a foreign key referencing zip_code_prefix
in geolocation. This establishes the relationship between each customer and the corresponding
geographical area while keeping location related information in a separate relation.

The sellers relation stores information about sellers participating in the Olist marketplace. The
primary key of the relation is seller_id, which uniquely identifies each seller. Similar to the
customers relation, the seller city and state attributes from the original dataset were not retained,
as geographical information is represented separately in the geolocation relation. Instead,
seller_zip_code_prefix is used as a foreign key referencing zip_code_prefix in geolocation. This
avoids redundant storage of geographical information and allows both customers and sellers to
reference the same relation for their corresponding geographical areas.

The orders relation stores information about order placed through the Olist platform and represents
a central relation within the relational schema. Each order is uniquely identified by the order_id
attribute, which serves as the primary key. The relation also stores the status of each order and
timestamps corresponding to different stages of the order lifecycle, including purchase, approval,
delivery, and estimated delivery. The customer_id attribute is defined as a foreign key referencing
the customers relation, establishing a one to many relationship in which a customer may place
multiple orders, while each order belongs to exactly one customer. The orders relation is also
referenced by the order_items, order_payments, and order_reviews relations, allowing each order
to be associated with its purchased items, payment information, and review data.

The products relation stores descriptive information about the products available on the Olist
platform. Each tuple corresponds to a single product and is uniquely identified by the product_id
attribute. In addition to the product identifier, the relation contains the product category, the lengths
of the product name and description, the number of product images, and the product's physical
characteristics, including its weight and package dimensions. The products relation is referenced
by the order_items relation through the product_id foreign key, allowing individual products to be
associated with the orders in which they were purchased.

The order_items relation represents the individual items included in each order and connects the
orders, products, and sellers relations. Each tuple represents a particular product item within an
order, allowing an order to contain multiple items and the same product to occur in multiple orders.
In the original Olist dataset, an order item can be uniquely identified by the combination of
order_id and order_item_id. In the implemented relational database, a surrogate primary key,
order_item_pk, was introduced to provide each tuple with a single-attribute identifier.
The relation contains three foreign keys: order_id, referencing the orders relation; product_id,
referencing the products relation; and seller_id, referencing the sellers relation. In addition, it
contains information about each item, such as the shipping limit date, price, and freight value.
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The order_payments relation contains information about payment transactions associated with
orders. Individual payments are distinguished by wusing composite key (order_id,
payment_sequential). However a surrogate primary key, payment_pk, was introduced in the
relational database implementation to provide each tuple with a single-attribute identifier. The
order_id attribute is therefore retained as a foreign key referencing the orders relation, while the
order_payments also includes attributes describing the payment type, the number of payment
installments, payment value and payment_sequential, which indicates the sequence of payments
associated with an order.

The order_reviews relation stores customer reviews submitted for completed orders. Since
review_id alone does not uniquely identify each tuple, as the same identifier may occur in
association with different orders, a surrogate primary key, review_pk, was introduced to provide
each tuple with a unique single-attribute identifier. The order_id attribute is retained as a foreign
key referencing the orders relation, establishing the association between each review and its
corresponding order. In addition to review_id, the relation stores the review score, title, message,
creation date, and answer timestamp.
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5. Graph Databases

Graph databases represent the second major database approach examined in this thesis. The
following chapter introduces the most relevant concepts of the graph data model, with particular
attention to nodes, relationships, properties, paths, and graph traversal. It also presents graph
database management systems and the Cypher query language used to query and manipulate graph
data. Together, these concepts provide the theoretical foundation for the implementation of the
Olist dataset in Neo4;j and its subsequent comparison with the relational approach.

5.1 Graph Data Model

The graph data model [8] is a logical data model designed to represent, store, and manage highly
interconnected data. It is based on the principles of graph theory, in which information is
represented as a collection of vertices connected by edges. Unlike traditional database models that
primarily organize data according to predefined structures such as tables or hierarchical trees, the
graph model focuses on the relationships between entities and considers these relationships to be
an integral part of the stored data.

Mathematically, a graph can be represented as an ordered pair
G=,E),

where V' denotes a finite set of vertices (or nodes) and E denotes a finite set of edges connecting
pairs of vertices [7].

5.1.1 Labeled Property Graph Model

Modern graph database systems commonly represent data using the labeled property graph model
[8]. In this model, data is represented through nodes, relationships, labels, relationship types, and
properties. Nodes represent entities and may be assigned one or more labels that describe their
roles within the graph. Both nodes and relationships may contain properties, represented as key-
value pairs, which store descriptive information about them. For example, in the graph
representation of the Olist dataset, a customer can be represented by a node labeled Customer,
while an order is represented by an Order node. Properties such as customer_id and order_id store
identifying information directly on the corresponding nodes.

Vertices are connected through relationships, which represent associations between entities. Each
relationship has a type and a direction and may also contain properties [8]. For example, the pattern
(Customer)-[:PLACED]->(Order) expresses that a customer placed a particular order. The relationship
type therefore provides semantic meaning to the connection itself.

The labeled property graph model also provides structural flexibility, as different node types may
contain different properties and new node labels, relationship types, or properties can be introduced
as the data model evolves. This makes it possible to extend the graph structure without necessarily
redesigning existing data representations.
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5.1.2 Basic Concepts of Graph Structure

Paths and graph traversal [8] are fundamental concepts in graph data processing. A path is a
sequence of nodes connected through relationships, and its length is determined by the number of
relationships contained in the path. Paths may have a fixed length or a variable length, allowing
connections to be explored even when the number of intermediate nodes is not known in advance.
Graph traversal refers to navigating through the graph by following relationships from one node
to another. Traversal can be used to examine immediate neighbors, determine which nodes are
reachable from a starting node, or discover paths satisfying particular structural conditions.
Several additional concepts are useful for describing graph structure. The neighborhood [17] of a
node consists of the nodes directly connected to it, while its degree [17] represents the number of
incident relationships. In directed graphs, incoming and outgoing relationships can be
distinguished through in-degree and out-degree [17]. Relationships may also contain numerical
weights representing the strength, frequency, or other characteristics of a connection. A selected
subset of nodes and relationships forms a subgraph, allowing particular portions of a larger graph
to be analysed independently. These concepts provide a foundation for understanding the structure
of graphs and for analysing relationships between connected entities.

5.2 Graph Database Management Systems

Graph Database Management Systems (GDBMSs) [8] provide the software infrastructure
required for storing, querying, and managing data according to a graph data model. In addition to
supporting graph oriented data representation and querying, they provide database management
functionality such as transaction processing, indexing, security, and mechanisms for maintaining
data consistency. Different graph database systems may implement these capabilities using
different graph models and underlying architectures.

Neodj [9], the graph database management system used in this work, is based on the labeled
property graph model. Neo4j represents data through nodes, relationships, labels, and properties,
with relationships explicitly connecting pairs of nodes.

An important feature of Neo4j is index-free adjacency, which supports efficient navigation through
connected data. Instead of relying on global indexes each time a connection is followed, nodes
maintain direct references to their neighboring nodes. Once a starting node has been found, the
database can therefore continue the traversal by following these connections directly. As a result,
traversal mainly depends on how much of the graph needs to be explored rather than on the total
size of the database. Indexes still play an important role, particularly in locating the starting nodes
of a query based on their labels and properties [8].

Data in Neo4; is queried and manipulated primarily through Cypher [9], a declarative graph query
language. Rather than specifying the procedural steps required to retrieve data, Cypher allows
users to describe the graph patterns they want to match.

Its syntax reflects the structure of a property graph: nodes are represented using parentheses, while
relationships are represented using arrows and square brackets. Labels, relationship types, and
properties can be integrated directly into these patterns [5]. For example, the pattern (s:Seller)-
[:LOCATED_IN]->(g:Geolocation) represents a Seller node connected to a Geolocation node through
a LOCATED_IN relationship. The database system is responsible for transforming such a declarative
query into an appropriate execution plan.

Neo4; also provides constraints and indexes [8] to support data integrity and query performance.
Constraints can enforce requirements such as the uniqueness, existence, or type of selected
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properties, while indexes provide efficient access to nodes or relationships based on their labels,
relationship types, and property values.

Beyond transactional graph querying, Neo4j provides analytical graph-processing functionality
through the Graph Data Science (GDS) library [18]. To support efficient graph analysis, GDS
loads graph data into an in-memory graph catalog, where graphs are created through graph
projections from the stored Neo4j database. A projection can select the node labels, relationship
types, properties, and relationship orientations required for a particular analysis. Graph algorithms
are then executed on the projected graph. GDS includes algorithms for several classes of graph-
analysis problems, including centrality, community detection, similarity, and path finding.

5.3 Development of the Graph Database for the Olist Dataset

Based on the structure of the Olist dataset and the concepts introduced in the previous sections, a
graph database was developed in Neo4j to provide an alternative representation of the same data.
The graph model represents the main entities as nodes and their associations as explicit
relationships, while descriptive information is stored as properties of nodes or relationships.
Figure 7 demonstrates a schema visualization of the implemented graph database, showing the
main node labels and the relationship types connecting them. The visualization provides an
overview of the graph structure rather than displaying individual node instances and their data.

CALL db.schema.visualization();

(&
)

Graph Table RAW

Order

Custom-
er

Product ‘ Pay'men.

Geoloca-
tion

Seller

Figure 7: Graph schema in Neo4j
5.3.1 Description of the Nodes and Relationships

This subsection describes the main node types and relationships used in the Neo4j implementation
of the Olist dataset. It explains the role of each node type, the properties used to identify and
describe the represented entities, and the relationships through which the nodes are connected.
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Particular attention is also given to structural differences from the relational implementation,
especially where information represented as a separate relation in PostgreSQL is modeled directly
through relationships and relationship properties in Neo4;.

Each Customer node represents one row from the customer CSV file in the Olist dataset. Each
node is identified by customer_id and also contains customer_unique_id, which allows the same
customer to be recognized across different Customer nodes. These nodes are connected to orders
through PLACED relationships and to geographical locations through LIVES_IN relationships.

The Order node represents an individual order and is identified by order_id. In addition to its
identifier, it stores the order status and timestamps associated with different stages of order
processing, including purchase, approval, carrier delivery, customer delivery, and estimated
delivery dates. Each order is connected to the customer who placed it through a PLACED
relationship and to its purchased products through CONTAINS relationships. It is also connected to
payment and review nodes through HAS_PAYMENT and HAS_REVIEW relationships, respectively.

The Product node represents a product available through the Olist marketplace and is identified by
product_id. Along with the identifier, its properties contain descriptive product information,
including the product category. Products are connected to orders through CONTAINS relationships
and to sellers through SELLS relationships.

The Seller node represents a seller participating in the marketplace and is identified by seller_id.
Sellers are connected to products through SELLS relationships and to their geographical locations
through LOCATED_IN relationships.

The Geolocation node represents a geographical area identified by zip_code_prefix. Its properties
include latitude, longitude, city, and state. Customer and Seller nodes are connected to geographical
locations through LIVES_IN and LOCATED_IN relationships, respectively, allowing geographical
information to be represented separately from the corresponding customer and seller nodes.
To ensure consistency between the two database implementations, Neo4;j uses the same processed
geographical data and ZIP code prefix representation as PostgreSQL.

Within the graph model, customer feedback associated with an order is represented as a Review
node. Its properties include the review identifier, score, title, message, creation date, and answer
timestamp. Each Order is connected to its corresponding Review through a HAS_REVIEW
relationship.

The Payment node represents a payment transaction associated with an order. Its properties
describe the payment sequence, payment type, number of installments, and payment value. Each
payment is associated with its corresponding order through a HAS_PAYMENT relationship from
the Order node.

An important structural difference from the relational implementation relates to the representation
of order items. In PostgreSQL, order_items is represented as a separate relation connecting orders,
products, and sellers while storing item specific transaction information. In the Neo4j model, a
separate Orderltem node was not created. Instead, each order item is represented by a CONTAINS
relationship between an Order and a Product. The properties order_item_id, price, freight_value,
shipping_limit_date, and seller_id are stored directly on the CONTAINS relationship because they
describe a particular occurrence of a product within an order rather than the product itself. Multiple
occurrences of the same product within an order can therefore be represented by separate
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CONTAINS relationships, each retaining its own properties related to the individual item. The
seller_id property identifies the seller associated with the particular order item.

The relationships forming the basic graph model are summarized in Table I, including their
direction and the properties stored on each relationship.

RELATIONSHIP DIRECTION RELATIONSHIP
PROPERTIES
PLACED Customer— Order None
CONTAINS Order— Product order_item_id, price,

freight_value,
shipping_limit_date, seller_id

SELLS Seller— Product None
HAS REVIEW Order— Review None
HAS_PAYMENT Order— Payment None
LIVES_IN Customer— Geolocation None
LOCATED_IN Seller— Geolocation None

Table 1: Relationships of the basic Olist graph model
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6. Related Work

The comparison of relational and graph databases has been addressed in several previous studies,
particularly with regard to query performance, recursive operations, pattern matching, and the
processing of highly connected data. Although these studies use different datasets, database
systems, and experimental settings, their results generally indicate that neither database model is
universally superior. Instead, the relative performance and suitability of each approach depend on
the structure of the data, the type and complexity of the queries, and the optimization techniques
applied.

One of the earlier direct comparisons was presented by Vicknair et al. [20], who compared Neo4j
with MySQL in the context of data provenance. Their work was motivated by the observation that
relational database systems are generally efficient for conventional data storage and retrieval, but
queries involving many relationships may require a considerable number of joins. Since
provenance information can naturally be represented as a directed graph, the authors investigated
whether a graph database could provide a more suitable solution for storing and querying such
data. They also pointed out that although graph structured information can be stored in a relational
database, traversing the resulting structure may become inefficient because of the number of
operations required to follow relationships. Their experiments showed that Neo4j performed
particularly well for traversal operations, whereas traditional data queries could favour the
relational implementation. This suggests that the characteristics of the query are an important
factor when choosing between the two database models.

A more recent query based comparison is presented in [21], where Do et al. evaluated Neo4j and
MySQL using the real world Career Village dataset. The evaluated queries were divided into four
main categories: selection and search, recursion, aggregation, and pattern matching. This
categorization is relevant because it separates conventional database operations from queries that
depend more strongly on relationships and graph structure. In their experiments, Neo4j generally
achieved lower execution times than MySQL, with the largest differences appearing in recursive
and relationship intensive queries. They concluded that queries requiring complex joins across
several relational tables were particularly favourable to the graph representation.

Similar results were reported by Jain, Khanchandani, and Rodrigues in [22]. Their study also
compared Neo4j and MySQL using selection, recursion, aggregation, and pattern matching queries
on a real world dataset. The authors reported that Neo4j performed better in most of their tests,
particularly for recursive and pattern matching operations, while also acknowledging advantages
of relational databases in areas such as consistency and transactional support. Their work further
emphasizes that graph databases can provide a natural representation when the analysed data
contains a large number of interconnected entities and the queries frequently follow relationships.
However, the results of previous research do not consistently indicate that graph databases
outperform relational systems. Holsch, Schmidt, and Grossniklaus [23] compared Neo4j with a
relational database using both analytical graph queries and different categories of pattern matching
queries. Their analytical workload included operations such as node degree, degree centrality,
connectedness, shortest paths, diameter, and closeness centrality. They found that the relational
database performed better for the analytical queries used in their experiments, whereas Neo4j
showed advantages for certain path queries, particularly when specific relationship types did not
need to be filtered. An important contribution of [23] is the distinction between different forms of
graph queries. The authors argue that graph database performance cannot be evaluated only by
considering whether a query is graph oriented, because characteristics such as filtering by node
labels, filtering by relationship types, the presence of cycles, and the proportion of the graph
accessed can significantly influence execution behaviour. Their work also demonstrates that
several graph measures can be implemented in both database models. For example, node degree,
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degree centrality, and connectedness are expressed using Cypher in Neo4j and corresponding SQL
statements in the relational database. This is particularly relevant to the present thesis, where
similar network properties are also implemented and compared in relational and graph form.

The influence of query complexity and database optimization is examined in greater detail by
Kotiranta, Junkkari, and Nummenmaa [24]. Their study compared Neo4j with MySQL and
MariaDB and explicitly considered factors such as indexing, query optimization, aggregation, and
recursive operations. The authors describe an important structural difference between the two
approaches: relational queries typically combine related information through joins, whereas graph
queries navigate through connections between nodes. Nevertheless, their results demonstrate that
graph based navigation does not automatically lead to better performance for every type of query.
In [24], some simple and relationship oriented queries favoured Neo4j, while modern relational
systems performed better for several more complex queries. The experiments also showed that
indexing could substantially influence the results, particularly in relational databases. The authors
therefore concluded that query complexity, indexing, and optimization must be considered when
comparing database systems and that no general conclusion can be made about which model
always provides better query efficiency. This observation is especially important because it
demonstrates that performance comparisons should not attribute differences exclusively to the
underlying database model.

An earlier comparative study by Tyagi [26] specifically examined relational and graph databases
and compared MySQL with Neo4j. The study motivated the use of graph databases by the
difficulty of handling dynamic, recursive, and complex relationships through conventional
relational structures. Its results favoured Neo4;j for the selected relationship oriented queries and
emphasized the flexibility of the graph model. At the same time, the study also considered other
aspects of database systems, including maturity, security, and schema flexibility, illustrating that
database selection involves more than execution time alone.

6.1 Positioning of the Present Study

The present thesis builds on the previous work described above but differs from it in several
aspects. First, PostgreSQL and Neo4;j are evaluated using the same real world Olist e commerce
dataset. Particular attention is given to ensuring that both database implementations operate on the
same cleaned subset of the original data. This allows equivalent analytical problems to be
evaluated without differences in the wunderlying records affecting the comparison.
Second, the experimental evaluation covers a wider progression of workloads than many of the
previous studies. While [21] and [22] organize their comparisons primarily around selection,
recursion, aggregation, and pattern matching, the present study begins with conventional
descriptive queries and gradually moves toward increasingly relationship dependent analyses.
These include customer similarity, recommendation scenarios, the construction and analysis of a
seller network, connected components, clustering coefficients, PageRank, community detection,
and multi-step traversal. In this way, the study examines not only isolated query categories but
also how the characteristics of the two database models become more significant as the analytical
task becomes increasingly graph oriented.

Another difference concerns the treatment of network analysis. In [23], graph analytical properties
such as degree, connectedness, and centrality are expressed in both Cypher and SQL. The present
study follows a similar comparative principle but extends it by constructing an explicit seller
network from shared customer relationships and analysing the same network structure using both
PostgreSQL and Neo4j. PostgreSQL implementations use relational techniques such as joins,
views, aggregation, and recursive CTEs, whereas Neo4j can additionally make use of algorithms
provided by the Graph Data Science library. This allows the comparison to include not only
execution performance but also differences in implementation complexity and the availability of
dedicated graph analytical methods.
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The traversal experiment also provides a direct connection to earlier work. Traversal and recursive
operations were already identified as important comparison areas in [20], [21], [22], and [24].
However, the present thesis evaluates traversal by fixing the same starting entity and the same
permitted relationship types in both databases and systematically increasing the exact path length
from one to seven. Both implementations produce the same number of reachable entities at each
depth, allowing the resulting execution times to be compared directly. The experiment therefore
provides insight into how the internal processing mechanisms of PostgreSQL and Neo4j respond
as the traversal search space increases.

The results of the existing literature also show why such an experimental comparison remains
relevant. Some studies, including [20], [21], and [22], report considerable advantages for Neo4j in
relationship intensive and recursive queries, whereas [23] and [24] demonstrate that relational
databases can perform equally well or better for particular analytical or complex workloads. These
apparently different conclusions suggest that the question should not be reduced to which database
model is generally faster. Instead, the suitability of relational and graph databases depends on the
structure of the problem, the type of query, the available optimization mechanisms, and the extent
to which the analysis relies on relationships and traversal.

Overall, the present study complements previous research by demonstrating that differences
between relational and graph databases become more apparent in certain types of analytical tasks,
particularly those involving complex relationships and network structures. The findings also
highlight the importance of query design, indexing, and specialized algorithms in determining
execution performance. Therefore, the results reinforce the conclusions of earlier studies that
database suitability cannot be determined solely by the underlying data model, but must also be
evaluated in relation to the specific analytical requirements and implementation strategies.
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7. Comparative Analysis

This chapter presents a comparative analysis of the PostgreSQL and Neo4j implementations of the
Olist e-commerce dataset. The aim is to examine how the relational and graph database models
differ in terms of database construction, query formulation, execution, and their suitability for
different types of analytical tasks.

7.1 Database Construction and Data Model Implementation

The first aspect of the comparative analysis concerns the construction of the two database
implementations. As described in the previous chapters, the same Olist domain was represented in
PostgreSQL using a relational schema and in Neo4;j using a property graph model. The structures
and contents of the individual relations, nodes, and relationships have already been presented in
Sections 4.3.2 and 5.3.1 ; therefore, they are not repeated here. Instead, the purpose of this section
is to compare the construction processes themselves, with particular attention to the required data
preparation, the order in which database elements had to be created, the mechanisms used to
establish connections between entities, and the additional structures required to support efficient
analysis.

7.1.1 Construction of Relational Database

The construction of the relational database was strongly influenced by the dependencies defined
in the relational schema. As discussed in the Section 4.3.2, primary and foreign keys were used to
identify records and establish relationships between tables. Consequently, the order in which the
relations were loaded had to respect the referential dependencies defined by the schema.

The geolocation relation represented an important starting point in this process. As explained
previously, the Olist geolocation dataset required preprocessing before the ZIP code prefix could
serve as a primary key and be referenced by other relations. Once the geographical reference data
had been prepared, the remaining relations were loaded according to their dependencies. The
customers and sellers relations could be populated after geolocation, while products could be loaded
independently. Orders were subsequently loaded using the existing customer records, followed by
order_items, which depended on orders, products, and sellers. Payment and review records were
also associated with existing orders. Thus, rather than following a completely linear sequence, the
loading process was determined by the dependency structure defined through the foreign key
relationships.

These dependencies also influenced the preparation of the original Olist data. Some records in the
source datasets contained geographical identifiers for which no corresponding record existed in
the processed geolocation data. Because foreign key constraints were used to enforce these
connections, such references could not remain unresolved. Records that could not satisfy the
required referential constraints therefore had to be identified and excluded from the relational
database. Where these records were referenced by other parts of the dataset, their removal also had
to be taken into account when preparing dependent data. Thus, data cleaning in the relational
implementation involved not only processing individual CSV files but also preserving consistency
across related tables.

This illustrates an important characteristic of relational database construction. The schema
determines not only how entities are connected but also which records can be inserted while
maintaining referential integrity. Primary keys, foreign keys, and other integrity constraints
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therefore played an active role in the import process by preventing inconsistent or unresolved
references from being included in the final database.

7.1.2 Construction of the Graph Database

The graph implementation followed a different construction process. As described in the Section
5.3.1, the Olist entities were first represented as nodes and their associations were subsequently
created as explicit relationships. Unlike in PostgreSQL, the order of construction was governed
less by referential integrity constraints and more by the practical requirement that the endpoint
nodes exist before relationships could be established between them. Therefore, the principal entity
nodes, including Customer, Order, Product, Seller, Geolocation, Payment, and Review nodes, were
first imported from their respective source datasets. Once the required nodes were available, the
basic relationships, such as PLACED, CONTAINS, LIVES_IN, LOCATED_IN, HAS_PAYMENT, and
HAS_REVIEW, could be created by matching the corresponding identifiers or properties of their
endpoint nodes.

A particularly important difference between the two implementations emerged when the source
data contained unresolved geographical references. In PostgreSQL, records containing foreign key
values for which no corresponding geolocation record existed could not be retained while
preserving the defined referential constraints. Neo4j did not impose the same requirement. A
Customer or Seller node could exist even when no corresponding Geolocation node was available;
in such cases, the node could remain in the database without a LIVES IN or LOCATED_IN
relationship. This demonstrates greater structural flexibility during the initial graph import, but it
also means that the existence of all expected connections is not automatically guaranteed and may
therefore require additional validation.

Although Neo4j would technically have allowed these unmatched nodes to remain in the database,
they were not retained in the final graph used for the comparative experiments. The records
excluded from PostgreSQL during relational data preparation were identified, and the
corresponding nodes were also removed from Neo4j. This was not required by the graph data
model itself but was a methodological decision to ensure that both database systems worked with
the same underlying dataset. Maintaining this consistency was essential for the validity of the
comparison. If Neo4j had retained entities that were not present in PostgreSQL, differences in
query results, graph topology, result cardinality, or execution time could have resulted from
differences in the input data rather than from the database systems themselves. By applying the
same exclusions to both implementations, the differences observed later can be more clearly
attributed to the different data models and query processing approaches of the two database
systems.

7.2 Basic Query Comparison

Before examining more complex analytical tasks, a set of basic queries was implemented to
establish an initial comparison between the two database systems. Tables 2—7 provide selected
examples of the basic queries implemented in PostgreSQL and Neo4j. The selected queries cover
common data retrieval and descriptive analytical operations, including filtering, aggregation,
grouping, and combining information from multiple entities. Both systems can express these
operations in a clear and straightforward way.

The purpose of these queries is to examine how the same analytical tasks can be formulated using
SQL and Cypher. Although both implementations produce the same results, the way these results
are obtained reflects the differences between the relational and graph data models.
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The first example in Table 2 counts the number of orders associated with each order status. In
PostgreSQL, the records are grouped according to the status attribute of the orders relation and
then counted. In Neo4j, the same operation is performed directly on Order nodes by grouping the
returned values of the status property. This example mainly demonstrates that simple aggregations
can be expressed in a very similar way in both systems.

How many orders are there for each status?

PostgreSQL Neodj
SELECT status, MATCH (o:Order)
COUNT(*) AS number_of orders RETURN o.status AS Status,
FROM orders COUNT(*) AS NumberOfOrders
GROUP BY status ORDER BY NumberOfOrders DESC;

ORDER BY number_of orders DESC;
Table 2: PostgreSQL and Neo4j queries for counting orders by status

The second example in Table 3 determines how customers are distributed across states. In
PostgreSQL, this requires joining the customers and geolocation relations through the ZIP code
prefix before grouping the result by state. In Neo4j, the corresponding information is obtained by
following the LIVES_IN relationship from Customer nodes to Geolocation nodes. This example
already illustrates an important structural difference between the two approaches: PostgreSQL
reconstructs the connection through a join condition, while Neo4j follows an explicitly stored
relationship.

Which states have the most customers?

PostgreSQL Neodj
SELECT state, COUNT(*) AS customers MATCH (c:Customer)-[:LIVES_IN]->
FROM geolocation g JOIN customers c (g:Geolocation)
ON g.zip_code_prefix = RETURN g.state AS State,
c.customer_zip_code_prefix COUNT(c) AS customers
GROUP BY state ORDER BY customers DESC;

ORDER BY customers DESC;
Table 3: PostgreSQL and Neo4j queries for identifying the states with the most customers

The third example in Table 4 calculates the average shipping cost per order. Because an order may
contain several order items, the freight values must first be summed for each order before the
average is calculated. PostgreSQL performs this in a subquery that groups order_items by
order_id, while Neo4j aggregates the freight_value property stored on CONTAINS relationships for
each Order node. This example therefore shows how intermediate aggregation can be expressed
in both models.

What is the average shipping cost per order?

PostgreSQL Neodj
SELECT ROUND(AVG(shipping_cost), 2) AS MATCH (0:Order)-[c:CONTAINS]->(:Product)
avg_shipping_cost WITH o, SUM(c.freight_value) AS ShippingCost
FROM ( RETURN ROUND(AVG(ShippingCost), 2) AS
SELECT order_id, SUM(freight_value) AS avgShippingCost;

shipping_cost
FROM order_items
GROUP BY order_id) AS order_shipping;
Table 4: PostgreSQL and Neo4j queries for calculating the average shipping cost per order
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The queries in Table 5 determines how many products were sold by each seller. In PostgreSQL,
sellers are joined with order_items using seller_id, after which the purchased products are counted
for each seller. In Neo4j, the seller identifier stored on the CONTAINS relationship is used to
associate each purchased item with the corresponding Seller node. The result is then grouped and
ordered by the number of products sold.

Number of products sold by each seller

PostgreSQL Neodj
SELECT s.seller_id, COUNT(oi.product_id) AS MATCH (:Order)-[r:CONTAINS]->(:Product)
products_sold MATCH (s:Seller {seller_id: r.seller_id})
FROM sellers s RETURN s.seller_id AS seller_id,
JOIN order_items oi ON COUNT(r) AS productsSold
s.seller_id = oi.seller_id ORDER BY productsSold DESC;

GROUP BY s.seller_id
ORDER BY products_sold DESC;
Table 5: PostgreSQL and Neo4j queries for determining the number of products sold by each seller

The average review score by product category requires information from several connected
entities. As shown in Table 6, PostgreSQL follows the path from reviews to orders, order items,
and products through a sequence of joins before calculating the average review score for each
category. Neo4j expresses the same logical path as a graph pattern connecting Product, Order, and
Review nodes. This example makes the structural difference between join based navigation and
relationship based traversal particularly visible.

Average review score by category

PostgreSQL Neodj
SELECT p.product_category_name, MATCH (p:Product)<-[:CONTAINS]-(o:Order)-
ROUND(AVG(r.score),2) AS avg_score [:HAS REVIEW]->(r:Review)
FROM order_reviews r JOIN orders o ON RETURN p.category AS Category,
r.order_id=o.order_id ROUND(AVG(r.score), 2) AS avgScore

JOIN order_items oi ON o.order_id=oi.order_id | ORDER BY avgScore DESC;
JOIN products p ON oi.product_id=p.product_id

GROUP BY p.product_category_name

ORDER BY avg_score DESC;

Table 6: PostgreSQL and Neo4j queries for calculating the average review score by product category

The delivery accuracy query compares the actual customer delivery date with the estimated
delivery date. As shown in Table 7, PostgreSQL calculates the difference between the two
timestamps, converts it from seconds into days, and then calculates the average. Neo4j performs
the same calculation using the epochSeconds values of the corresponding datetime properties. A
negative result indicates that deliveries arrived earlier than estimated on average, while a positive
result indicates that they arrived later.
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Delivery Accuracy

\ PostgreSQL Neodj
SELECT ROUND(AVG(EXTRACT(EPOCH MATCH (o:Order)
FROM (delivered_customer_date - WHERE o.delivered_customer_date IS NOT NULL
estimated_delivery date)) / 86400),2) AND o.estimated_delivery_date IS NOT NULL
AS avg_days_difference WITH
FROM orders o datetime(o.delivered_customer_date).epochSeconds
WHERE o.delivered_customer_date IS -
NOT NULL datetime(o.estimated_delivery_date).epochSeconds
AND o.estimated_delivery _date IS NOT AS difference_seconds
NULL; RETURN

ROUND(AVG(difference_seconds / 86400.0),2)
AS avg_days_difference;

Table 7: PostgreSQL and Neo4j queries for calculating delivery accuracy based on the difference between actual and estimated
delivery dates

In summary the basic queries show that both relational and graph databases are suitable for simple
descriptive analysis, with relatively small differences for straightforward aggregations. The
structural differences between the two approaches become more apparent when information from
multiple entities must be combined. In PostgreSQL, related data is accessed by explicitly joining
relations through their corresponding key values, whereas in Neo4j the same associations are
expressed by matching patterns and following relationships between nodes. This difference is
particularly visible in queries involving several connected entities, such as the calculation of
average review scores by product category, where PostgreSQL requires a sequence of joins
between the relevant relations, while Neo4j represents the connection as a graph pattern between
Product, Order, and Review nodes. Nevertheless, the underlying analytical logic remains largely
the same: the required records or nodes are identified, the relevant values are aggregated, and the
results are grouped or ordered as necessary.

In terms of execution performance, both database systems handled basic analytical queries
efficiently, as shown in Table 8. PostgreSQL generally achieved slightly lower execution times,
with the largest difference observed in the number of products sold by each seller. However, all
queries completed in less than one second in both systems, indicating no substantial performance
differences for basic operations.

Basic Queries PostgreSQL Neo4j execution
execution time time
How many orders are there for each status? ~91 ms ~87 ms
Which states have the most customers? ~142 ms ~126 ms
What is the average shipping cost per order? ~140 ms ~310 ms
Number of products sold by each seller ~174 ms ~975 ms
Average review score by category ~264 ms ~422 ms
Delivery Accuracy ~104 ms ~178 ms

Table 8: Execution time comparison of basic analytical queries in PostgreSQOL and Neo4j

Overall, PostgreSQL is particularly natural for simple tabular aggregations, whereas Neo4j
becomes more expressive as queries involve more interconnected data. This difference becomes
more apparent in the more complex analyses presented in the following sections.
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7.3 Advanced Query Comparison

Following the analysis of basic query operations, this section examines more advanced analytical
problems in order to provide a more comprehensive evaluation of the relational and graph database
approaches. The analysis is organized around several thematic areas, each of which is investigated
through a set of queries implemented in both PostgreSQL and Neo4j. This approach enables the
two database models to be evaluated not only in terms of query formulation and performance, but
also with respect to their suitability for representing and analysing different types of relationships
within the dataset. The selected problems are designed to highlight situations in which the
structural characteristics of either the relational or graph model may provide particular advantages.
The analysis covers the identification of similar customers based on common sellers and common
categories, recommendation-oriented queries, the construction and analysis of seller networks, and
multi-step database traversal.

7.3.1 Identification of Similar Customers

The first advanced analytical problem focuses on identifying customers with similar purchasing
behaviour. In this analysis, similarity is examined from two perspectives: customers who
purchased from the same sellers and customers who purchased products belonging to the same
categories. This problem is particularly relevant for the comparison because customer similarity
requires the analysis of relationships across multiple entities, while the two database models
represent and access these relationships in fundamentally different ways.

Since multiple customer_id values may belong to the same physical customer in the Olist dataset,
the comparison is performed using customer_unique_id. This ensures that purchasing behaviour is
aggregated at the level of individual customers rather than separate customer records.

7.3.1.1 Similar Customers Based on Shared Sellers

In PostgreSQL, the first approach identifies pairs of customers who purchased from at least two
common sellers. The query joins the customers, orders, and order_items tables for both customers
and matches the two sides according to seller_id. Customer pairs are then grouped by their
customer_unique_id values, while COUNT(DISTINCT seller_id) determines the number of sellers
shared by each pair. The condition requiring at least two common sellers removes pairs for which
the similarity is based on only a single seller. Listing I shows the PostgreSQL query used to
identify pairs of customers who purchased from at least two common sellers.
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SELECT
cl.customer_unique_id AS customerl,
c2.customer_unique_id AS customer2,
COUNT(DISTINCT oil.seller_id) AS common_sellers

FROM customers c1
JOIN orders o1

ON cl.customer_id = ol.customer_id
JOIN order_items oil

ON ol.order_id = oil.order_id

JOIN customers c2

ON cl.customer_unique_id < c2.customer_unique_id
JOIN orders 02

ON c2.customer_id = 02.customer _id
JOIN order_items 0i2

ON o2.order_id = oi2.order_id

AND oil.seller_id = oi2.seller_id

GROUP BY cl.customer_unique_id, c2.customer_unique_id
HAVING COUNT(DISTINCT oil.seller_id) >=2
ORDER BY common_sellers DESC;

Listing 1: PostgreSQL query for identifying customer pairs with at least two common sellers

Although the number of common sellers provides a straightforward measure of similarity, it does
not consider the total number of sellers associated with each customer. For this reason, a second
query applies the Jaccard similarity coefficient [27]. The query was implemented using several
Common Table Expressions (CTEs), which divide the calculation into separate logical stages. This
structure makes it possible to construct the intermediate datasets required for the similarity
calculation step by step and avoids repeating the same joins throughout the query. The first CTE,
customer_sellers, creates a distinct set of customer and seller combinations. The second CTE,
customer_degrees, calculates the total number of distinct sellers associated with each customer.
The third CTE, common_sellers, compares the customer seller sets and determines the number of
sellers shared by each customer pair. The condition csl.customer_unique_id <
cs2.customer_unique_id ensures that each pair is generated only once and prevents customers from
being compared with themselves. These intermediate results are then combined in the final part of
the query to calculate the Jaccard similarity coefficient. The similarity between two customers is
defined as

|[AnB| |ANB|
|AUB| ~ |A|+|B|-|AnB|’

J(A,B) =

where 4 and B represent the sets of sellers from which the two customers purchased. Unlike the
absolute number of common sellers, this measure takes the size of both customers' seller sets into
account. Consequently, two customers who share two out of two sellers receive a higher similarity
score than two customers who share two sellers but have purchased from many additional sellers.
Only customer pairs with at least two common sellers are retained. In PostgreSQL, the individual
components of the similarity calculation must therefore be explicitly constructed from the
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underlying relations. Listing 2 presents the PostgreSQL implementation of Jaccard similarity based
on shared sellers.

WITH customer_sellers AS (
SELECT DISTINCT c.customer_unique_id, oi.seller_id
FROM customers ¢
JOIN orders o ON c.customer_id = o.customer_id
JOIN order_items oi ON o.order_id = oi.order_id),
customer_degrees AS (
SELECT customer_unique_id, COUNT(*) AS seller_count
FROM customer_sellers
GRQUP BY customer_unique_id),
common_sellers AS (
SELECT
csl.customer_unique_id AS customerl,
cs2.customer_unique_id AS customer2,
COUNT(*) AS common_sellers
FROM customer_sellers cs1
JOIN customer_sellers cs2 ON csl.seller_id = cs2.seller_id
AND csl.customer_unique_id < cs2.customer_unique_id
GROUP BY csl.customer_unique_id, cs2.customer_unique_id
)
SELECT
cs.customerl,
cs.customer2,
cs.common_sellers,
cdl.seller_count AS customerl_sellers,
cd2.seller_count AS customer2_sellers,
cs.common_sellers::numeric
/
( cdl.seller_count + cd2.seller_count - cs.common_sellers ) AS similarity
FROM common_sellers cs
JOIN customer_degrees cd1 ON cs.customerl = cd1.customer_unique_id
JOIN customer_degrees cd2 ON cs.customer2 = cd2.customer_unique_id
WHERE cs.common_sellers >=2
ORDER BY similarity DESC, common_sellers DESC LIMIT 100;

Listing 2: PostgreSQL implementation of Jaccard similarity based on shared sellers

The Neo4) implementation represents the same problem differently. Because the original Customer
nodes correspond to customer_id, separate CustomerUnique nodes were introduced to represent
physical customers. These nodes were connected to Seller nodes through BOUGHT_FROM
relationships. The use of MERGE ensures that a customer and seller are connected by only one such
relationship even when the customer purchased from the same seller multiple times. This results
in a graph structure in which the neighbourhood of a CustomerUnique node directly represents the
set of sellers associated with that customer.

An important result of the experiment was that a direct Cypher query for determining customer
pairs with common sellers exceeded the available memory. The pattern CustomerUnique—Seller—
CustomerUnique can generate a very large number of intermediate customer pairs, particularly for
sellers connected to many customers. Furthermore, the same customer pair may be encountered
through several sellers. These intermediate results must be maintained until aggregation
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determines the number of distinct common sellers, while the filtering condition can only be applied
after this aggregation. Consequently, the otherwise intuitive graph pattern does not necessarily
result in an efficient execution strategy. This observation is significant for the comparison because
it demonstrates that the graph model should not automatically be considered more efficient for
every relationship oriented query. The corresponding PostgreSQL operation is also
computationally demanding, requiring approximately 1.5 minutes to complete. However, the
relational database can rely on alternative join strategies and, where necessary, temporary disk
operations during aggregation and sorting. Therefore, PostgreSQL was able to complete this
particular type of operation in situations where the direct Cypher implementation exceeded the
available transaction memory.

The advantage of the Neo4j approach becomes more apparent when the Graph Data Science library
is used instead of general Cypher pattern matching. A projected customerUniqueSellerGraph was
created, consisting of CustomerUnique and Seller nodes connected through BOUGHT_FROM
relationships. Within this bipartite graph, the neighbourhood of each CustomerUnique node
corresponds to the set of sellers from which the customer has made purchases. The Node Similarity
algorithm was then applied using Jaccard similarity. Unlike the direct Cypher query, the algorithm
operates on an in-memory graph representation and is specifically optimized for comparing node
neighbourhoods. It can therefore calculate customer similarity without generating the same large
intermediate result as the direct Cypher query.

The obtained similarity results were consistent with the relational analysis, demonstrating that the
same conceptual similarity measure can be implemented in both systems, although through
substantially different mechanisms.

Listing 3 presents the Neo4j implementation of customer similarity based on shared sellers using
the Graph Data Science Node Similarity algorithm.

CALL gds.nodeSimilarity.stream('customerUniqueSellerGraph', {
similarityMetric: 'JACCARD'})
YIELD nodel, node2, similarity

WITH

gds.util.asNode(nodel) AS cul,
gds.util.asNode(node2) AS cu2,
similarity

WHERE cul:CustomerUnique
AND cu2:CustomerUnique
AND cul.customer_unique_id < cu2.customer_unique_id

MATCH (cul)-[:BOUGHT_FROM]->(s:Seller)<-[:BOUGHT_FROM]-(cu2)
WITH cul, cu2, similarity, count(DISTINCT s) AS common_sellers
WHERE common_sellers >=2

RETURN

cul.customer_unique_id AS customerl,
cu2.customer_unique_id AS customer2,

common_sellers,

similarity

ORDER BY similarity DESC, common_sellers DESC LIMIT 100;

Listing 3: Neo4j Node Similarity query for customer similarity based on shared sellers
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The execution times of the customer similarity queries based on shared sellers are summarized in
Table 9. The results show that PostgreSQL completed the initial query in approximately 1.5
minutes, while the direct Cypher implementation in Neo4j exceeded the available memory. For
the Jaccard similarity calculation, both systems successfully completed the analysis, with Neo4;
achieving a slightly shorter execution time using the Graph Data Science library.

Experiment PostgreSQL Neod;j
execution time execution time
Similar Customers Based on Shared ~1.5 min not completed
Sellers (out of memory)
Similar Customers Based on Shared ~3min20s ~2 min 24 s
Sellers with Jaccard similarity

Table 9: Execution time comparison of customer similarity queries based on shared sellers in PostgreSQL and Neo4j

7.3.1.2 Similar Customers Based on Common Categories

The second part of the analysis considers common product categories instead of common sellers.
In PostgreSQL, the initial query followed a direct approach by joining the purchasing histories of
two customers and matching the product categories they had purchased. However, this query ran
for more than 1.5 hours without producing a final result. The main problem was the generation of
a very large number of potential customer pairs before it could be determined whether the
customers actually shared any product categories. The subsequent joins with orders, order items,
and products further increased the size of the intermediate result, making the operation
computationally expensive. Listing 4 presents the initial PostgreSQL query for identifying
customer pairs based on common product categories.

SELECT cl.customer_unique_id AS customerl,
c2.customer_unique_id AS customer2,
COUNT(DISTINCT p.product_category_name) AS common_categories
FROM customers cl
JOIN orders o1
ON cl.customer_id = ol.customer _id
JOIN order_items oil
ON ol.order_id = oil.order_id
JOIN products p
ON oil.product_id = p.product_id

JOIN customers c2

ON cl.customer_unique_id < c2.customer_unique_id
JOIN orders 02

ON c2.customer_id = 02.customer _id
JOIN order_items o0i2

ON o2.order_id = oi2.order_id
JOIN products p2

ON oi2.product_id = p2.product_id

AND p.product_category_name = p2.product_category_name
GROUP BY cl.customer_unique_id, c2.customer_unique_id
HAVING COUNT(DISTINCT p.product_category_name) >= 2
ORDER BY common_categories DESC;

Listing 4: Initial unoptimized PostgreSQL query for customer similarity detection based on common product categories
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To address this limitation, the PostgreSQL query was redesigned to reduce the number of
unnecessary customer comparisons. First, the distinct product categories purchased by each unique
customer were extracted, transforming the transactional data into a customer—category
representation. This preprocessing step ensured that repeated purchases within the same category
did not influence the similarity calculation. Rather than directly comparing every customer with
every other customer, the optimized approach generated all unique category pairs associated with
each customer. These category pairs were then used to identify candidate customer pairs. Two
customers became candidates only if they shared the same category pair, implying that they had
already purchased products from at least two common categories. As a result, customer pairs
without sufficient category overlap were excluded before the expensive comparison stage,
significantly reducing the search space. Once the candidate customer pairs had been identified, the
number of common categories was derived from the number of shared category pairs. If two
customers share k categories, those categories form k- (k — 1) /2 distinct category pairs.
Therefore, after the matching category pairs have been counted, the number of common categories
can be recovered using the inverse expression (1 + /1 + 8p) / 2, where p is the number of shared
category pairs. The total number of distinct categories purchased by each customer was then used
together with the number of common categories to calculate the Jaccard similarity coefficient.
Listing 5 presents the optimized PostgreSQL query for identifying similar customers based on
shared product categories.
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WITH customer_categories AS (
SELECT DISTINCT
c.customer_unique_id,
p.product_category _name AS category
FROM customers ¢
JOIN orders o ON c.customer_id = o.customer _id
JOIN order_items oi ON o.order_id = oi.order_id
JOIN products p ON oi.product_id = p.product_id
WHERE p.product_category name IS NOT NULL ),
customer_category_counts AS (
SELECT customer_unique_id, COUNT(*) AS total_categories
FROM customer_categories
GROUP BY customer_unique_id ),
customer_category_pairs AS (
SELECT ccl.customer_unique_id, ccl.category AS categoryl, cc2.category AS category?2
FROM customer_categories ccl
JOIN customer_categories cc2 ON ccl.customer_unique_id = cc2.customer_unique_id
AND ccl.category < cc2.category ),
similar_pairs AS (
SELECT
cpl.customer_unique_id AS customerl,
cp2.customer_unique_id AS customer2,
((1+SQRT(1+ 8 * COUNT(*)::numeric)) / 2)::integer AS common_categories
FROM customer_category_pairs cpl
JOIN customer_category_pairs cp2 ON cpl.categoryl = cp2.categoryl
AND cpl.category2 = cp2.category2
AND cpl.customer_unique_id < cp2.customer_unique_id
GROUP BY cpl.customer_unique_id, cp2.customer_unique_id)
SELECT
sp.customerl, sp.customer2, sp.common_categories,
cl.total_categories AS customerl_categories,
c2.total_categories AS customer2_categories,
ROUND( sp.common_categories::numeric /
(cl.total_categories+ c2.total_categories - sp.common_categories),4) AS jaccard_similarity
FROM similar_pairs sp
JOIN customer_category_counts c1 ON sp.customerl = cl.customer_unique_id
JOIN customer_category_counts c2 ON sp.customer2 = c2.customer_unique_id
ORDER BY jaccard_similarity DESC, common_categories DESC;

Listing 5: Optimized PostgreSQL query for identifying similar customers based on shared product categories and Jaccard
similarity

This reformulation produced a significant performance improvement. While the initial direct
customer-pair comparison failed to complete after more than 1.5 hours, the optimized query
executed in approximately 2 seconds. The improvement resulted primarily from generating
candidate pairs only after identifying shared category combinations, thereby avoiding the creation
of a large number of irrelevant customer pairs. This example demonstrates how query formulation
and the reduction of intermediate result sets can substantially influence the computational cost of
similarity analysis in relational databases.
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In Neo4j, the category based problem was represented explicitly in the graph. Separate Category
nodes were created from the category property of Product nodes and connected to products through
IN_CATEGORY relationships. CustomerUnique nodes were then connected to the categories from
which they had purchased through BOUGHT_CATEGORY relationships. As with the seller
representation, repeated purchases from the same category result in only one relationship between
a particular customer and category.

A projected graph named customerCategoryGraph was subsequently created, consisting of
CustomerUnique and Category nodes linked by BOUGHT_CATEGORY relationships. Within this
bipartite graph, the neighbourhood of each CustomerUnique node corresponds to the set of product
categories associated with that customer. Jaccard Node Similarity was applied to the customer—
category network. This allows customer similarity based on categories to be analysed using the
same general graph algorithm as similarity based on sellers; only the type of neighbourhood being
compared changes. Additional parameters such as ftopK and similarityCutoff can also be used to
restrict the result to the most relevant similar customers and to eliminate weak similarities.
Listing 6 presents the Neo4] implementation of customer similarity based on shared product
categories using the Graph Data Science Node Similarity algorithm.

CALL gds.nodeSimilarity.stream( 'customerCategoryGraph’,
{ similarityMetric: 'JACCARD',
topK: 10,
similarityCutoff: 0.2})
YIELD nodel, node2, similarity
WITH
gds.util.asNode(nodel) AS cul, gds.util.asNode(node2) AS cu2, similarity
WHERE cul:CustomerUnique
AND cu2:CustomerUnique
AND cul.customer_unique_id < cu2.customer_unique_id

MATCH (cul)-[:BOUGHT_CATEGORY]->(cat:Category) <-[:BOUGHT_CATEGORY]-(cu2)
WITH cul, cu2, similarity,
collect(DISTINCT cat.name) AS common_category_names
WHERE size(common_category _names) >= 2
RETURN
cul.customer_unique_id AS customerl,
cu2.customer_unique_id AS customer2,
size(common_category_names) AS common_categories,
common_category _names,
similarity AS jaccard_similarity
ORDER BY jaccard_similarity DESC, common_categories DESC LIMIT 100;

Listing 6: Neo4j Node Similarity query for customer similarity based on shared product categories

Table 10 summarizes the execution times of the customer similarity queries based on shared
product categories. The results highlight the significant improvement achieved through query
optimization in PostgreSQL, reducing execution time from over 1.5 hours without completion to
approximately two seconds. The optimized PostgreSQL query also performed considerably faster
than Neo4j, which completed the Jaccard similarity analysis in 2 minutes and 14 seconds.
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Experiment PostgrSQL Neodj
execution time execution time
Similar Customers Based on Common | initial query did not complete -
Categories
Similar Customers Based on Common | optimized version: ~1 s 9 ms ~2min 14 s
Categories with Jaccard similarity

Table 10: Execution time comparison of customer similarity queries based on shared product categories in PostgreSQL and
Neodj

In summary, the similarity analysis demonstrated how relational and graph databases approach
relationship oriented analytical tasks in different ways. In PostgreSQL, customer similarity was
calculated through joins, aggregations, and explicitly constructed intermediate results. Although
the initial category based query was inefficient because it generated a very large number of
customer pairs, an optimized strategy based on shared category pairs significantly reduced the
search space and made the analysis practical. In Neo4j, similarity was analysed through the graph
structure by comparing the neighbourhoods of CustomerUnique nodes. Direct Cypher
implementations were not always practical because of their memory requirements, whereas the
Graph Data Science Node Similarity algorithm provided a more suitable method for this type of
analysis. Overall, the results indicate that performance depends not only on the database model
itself, but also on the design of the query and the availability of specialized processing methods.

7.3.2 Recommendation-oriented Queries

Following the identification of similar customers, the next analysis examines how customer
similarity can be used to generate category and product recommendations. Two recommendation
scenarios were implemented in both databases. The first generates category recommendations for
all customers by identifying customers with at least two product categories in common and
recommending categories purchased by similar customers but not by the target customer. The
second is a more targeted recommendation task: for a specific customer, the twenty customers with
the highest category overlap are selected, after which products purchased by these similar
customers but not by the target customer are ranked.

7.3.2.1 Category recommendation for all customers

The first experiment reuses the approach introduced in the previous analysis of similarity based on
common categories. In PostgreSQL, the query begins in the same way: the distinct product
categories purchased by each customer are extracted through joins between customers, orders,
order_items, and products. This removes repeated purchases from the same category and produces
a compact customer—category representation. Unique category pairs are then generated for each
customer, and only customers sharing the same category pair are considered for further
comparison. This step reduces the search space by excluding customer pairs that do not have
sufficient category overlap before the recommendation process begins. Because each unordered
customer pair is initially generated only once, the similar_customers step represents it in both
directions so that either customer can act as the recommendation target. The final recommendation
stage then proposes categories purchased by similar customers but not by the target customer. The
recommendations are ranked according to the number of supporting similar customers and the
strongest category overlap observed among those customers. Listing 7 presents the PostgreSQL
query used to generate category recommendations based on similar customers.
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WITH customer_categories AS (
SELECT DISTINCT c.customer_unique_id, p.product_category_name AS category
FROM customers ¢
JOIN orders o
ON c.customer_id = o.customer _id
JOIN order_items oi
ON o.order_id = oi.order _id
JOIN products p
ON oi.product_id = p.product_id
WHERE p.product_category_name IS NOT NULL),
customer_category_pairs AS (
SELECT ccl.customer_unique_id, ccl.category AS categoryl, cc2.category AS category2
FROM customer_categories ccl
JOIN customer_categories cc2
ON ccl.customer_unique_id = cc2.customer_unique_id
AND ccl.category < cc2.category),
similar_pairs AS (
SELECT
cpl.customer_unique_id AS customerl,
cp2.customer_unique_id AS customer2,
((1+SQRT(1+ 8 * COUNT(*)::numeric)) / 2)::integer AS common_categories
FROM customer_category_pairs cpl
JOIN customer_category_pairs cp2
ON cpl.categoryl = cp2.categoryl
AND cpl.category2 = cp2.category2
AND cpl.customer_unique_id < cp2.customer_unique_id
GROUP BY cpl.customer_unique_id, cp2.customer_unique_id),
similar_customers AS (
SELECT customerl AS target_customer, customer2 AS similar_customer, common_categories
FROM similar_pairs
UNION ALL
SELECT customer2 AS target_customer, customerl AS similar_customer, common_categories
FROM similar_pairs),
recommendations AS (
SELECT sc.target_customer, cc.category AS recommended_category,
COUNT(DISTINCT sc.similar_customer) AS supporting_customers,
MAX(sc.common_categories) AS max_common_categories
FROM similar_customers sc
JOIN customer_categories cc
ON sc.similar_customer = cc.customer_unique_id
WHERE NOT EXISTS (
SELECT 1 FROM customer_categories own
WHERE own.customer_unique_id = sc.target_customer AND own.category = cc.category)
GROUP BY sc.target_customer, cc.category)
SELECT
target_customer, recommended_category, supporting_customers, max_common_categories
FROM recommendations
ORDER BY target_customer, supporting_customers DESC, max_common_categories DESC;

Listing 7: PostgreSQL query for generating category recommendations based on similar customers
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Neo4j follows a similar strategy to PostgreSQL when identifying customers with common product
categories. First, two categories purchased by the same CustomerUnique are selected. Another
customer is considered similar only if they are connected to both of these categories. In this way,
customers with fewer than two common categories are excluded at an early stage, which reduces
the number of customer pairs that need to be processed. Unlike PostgreSQL, Neo4j can identify
these connections directly through the BOUGHT_CATEGORY relationships stored in the graph,
without reconstructing them through joins. After the possible customer pairs have been identified,
the query counts their total number of common categories. Each pair is then considered in both
directions using UNWIND, so either customer can act as the target customer. Finally, categories
purchased by the similar customer but not by the target customer are selected and ranked according
to the number of supporting customers and the maximum number of common categories.

Listing 8 presents the corresponding Cypher query. Both implementations produced the same
recommendation results, although they used different ways to access and process the relationships
between customers and categories.

MATCH (c1:CustomerUnique)-[:BOUGHT_CATEGORY]->(catl:Category)
MATCH (c1)-[:BOUGHT _CATEGORY]->(cat2:Category)
WHERE catl.name < cat2.name

MATCH (c2:CustomerUnique)-[:BOUGHT_CATEGORY]->(cat1)
MATCH (c2)-[:BOUGHT_CATEGORY]->(cat2)

WHERE cl.customer_unique_id < c2.customer_unique_id
WITH DISTINCT c1, c2

MATCH (c1)-[:BOUGHT_CATEGORY]->(common:Category)
<-[:BOUGHT_CATEGORY]-(c2)

WITH c1, c2, count(DISTINCT common) AS common_categories
WHERE common_categories >= 2

UNWIND [[c1, c2], [c2, c1]] AS pair
WITH pair[0] AS target, pair[1] AS similar, common_categories

MATCH (similar)-[:BOUGHT _CATEGORY]->(recommended:Category)
WHERE NOT EXISTS {
MATCH (target)-[:BOUGHT_ CATEGORY]->(recommended)}

RETURN
target.customer_unique_id AS target_customer,
recommended.name AS recommended_category,
count(DISTINCT similar) AS supporting_customers,
max(common_categories) AS max_common_categories

ORDER BY target_customer, supporting_customers DESC, max_common_categories DESC;
Listing 8: Neo4j Cypher query for generating category recommendations based on similar customers
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7.3.2.2 Product recommendation for a specific costumer

The second experiment follows the same idea of finding similar customers based on common
product categories, but it focuses on one specific customer. Since the target customer is already
known, PostgreSQL does not need to compare all customers with each other. In Listing 9 the query
first identifies the categories and products previously purchased by the target customer. It then
finds other customers who purchased products from the same categories and counts how many
categories they have in common with the target customer. Customers with fewer than two common
categories are excluded, and the 20 customers with the highest overlap are selected. The products
purchased by these customers are then used to generate recommendations, while products already
purchased by the target customer are removed from the result. This approach reduces the amount
of data that needs to be processed compared with an analysis involving all possible customer pairs.
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WITH target_categories AS (
SELECT DISTINCT p.product_category_name AS category
FROM customers ¢
JOIN orders o ON c.customer_id = o.customer_id
JOIN order_items oi ON o.order_id = oi.order_id
JOIN products p ON oi.product_id = p.product_id
WHERE c.customer_unique_id = '1b6c7548a2a1f9037c1fd3ddfed95f33'
AND p.product_category _name IS NOT NULL),
target_products AS (
SELECT DISTINCT oi.product_id
FROM customers ¢
JOIN orders o ON c.customer_id = o.customer _id
JOIN order_items oi ON o.order_id = oi.order_id
WHERE c.customer_unique_id ='1b6c7548a2a1f9037c1fd3ddfed95f33"),
similar_customers AS (
SELECT c.customer_unique_id AS similar_customer,
COUNT(DISTINCT p.product_category_name) AS common_categories
FROM customers ¢
JOIN orders o ON c.customer_id = o.customer _id
JOIN order_items oi ON o.order_id = oi.order_id
JOIN products p ON oi.product_id = p.product_id
JOIN target_categories tc ON p.product_category_name = tc.category
WHERE c.customer_unique_id <> '1b6c7548a2a1f9037c1fd3ddfed95f33'
GROUP BY c.customer_unique_id
HAVING COUNT(DISTINCT p.product_category_name) >= 2
ORDER BY common_categories DESC, c.customer_unique_id ASC LIMIT 20),
recommendations AS (
SELECT oi.product_id AS recommended_product,
p.product_category name AS category,
COUNT(DISTINCT sc.similar_customer) AS supporting_customers,
MAX(sc.common_categories) AS max_common_categories
FROM similar_customers sc
JOIN customers ¢ ON c.customer_unique_id = sc.similar_customer
JOIN orders 0 ON c.customer_id = o.customer_id
JOIN order_items oi ON o.order_id = oi.order_id
JOIN products p ON oi.product_id = p.product_id
WHERE NOT EXISTS ( SELECT 1 FROM target_products tp WHERE tp.product_id = oi.product_id )
GROUP BY oi.product_id, p.product_category _name)
SELECT recommended_product, category, supporting_customers, max_common_categories
FROM recommendations
ORDER BY supporting_customers DESC, max_common_categories DESC,
recommended_product ASC LIMIT 10;

Listing 9: PostgreSQL product recommendations for a specific customer

Neo4j performs the same task directly through the graph structure. In Listing 10 the query starts
from the selected CustomerUnique node and follows BOUGHT_CATEGORY relationships to the
categories purchased by that customer. It then finds other customers connected to the same
categories and counts how many categories they have in common with the target customer. Only
customers with at least two common categories are kept, and the 20 most similar customers are
selected. The query then follows the BELONGS_TO, PLACED, and CONTAINS relationships to identify
the products purchased by these customers. Products already purchased by the target customer are
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excluded. The remaining products are ranked based on how many similar customers purchased
them and on the highest number of common categories among those customers. Finally, the ten
highest ranked products are returned as recommendations. Listing 10 presents the corresponding
Cypher query, while Figure 8§ shows the first ten rows of the query results.

MATCH (target:CustomerUnique {
customer_unique_id: "1b6c7548a2a1f9037c1fd3ddfed95f33"})

MATCH (target)-[:BOUGHT _CATEGORY]->(cat:Category)<-[:BOUGHT CATEGORY]-
(other:CustomerUnique)

WHERE other <> target

WITH target, other, COUNT(DISTINCT cat) AS common_categories

WHERE common_categories >= 2

ORDER BY common_categories DESC, other.customer_unique_id ASC LIMIT 20

MATCH (other)<-[:BELONGS_TO]-(c:Customer) -[:PLACED]->(:Order) -
[:CONTAINS]->(recommended:Product)
WHERE NOT EXISTS {
MATCH (target)<-[:BELONGS_TO]-(:Customer) -[:PLACED]->(:Order)
-[:CONTAINS]->(recommended)}

RETURN
recommended.product_id AS recommended_product,
recommended.category AS category,
COUNT(DISTINCT other) AS supporting_customers,
MAX(common_categories) AS max_common_categories

ORDER BY
supporting_customers DESC,
max_common_categories DESC,
recommended_product ASC LIMIT 10;

Listing 10: Neo4j product recommendations for a specific customer

recommended_product a category ‘ a syqporting_customers 8 rr?a‘x_common_categuries 8

character (32) character varying (100) bigint bigint
1 9e0e152552a1323f7ebdcf63d50cda..  perfumaria 1 )
2 fObcOaed23d451f89495f7650d81e2..  beleza_saude 1 3
3 f71050e65776861c8c3ec7a2d2b019..  utilidades_domesticas 1 3
4 0b61b74bd2917877a6fc5d31192d3... moveis_decoracao 1 2
5 0d9374142baB6a7c22357eal92befd... utilidades_domesticas 1 2
6 145140d23f166a1166dc4437107df8..  papelaria 1 2
7 166b38cdecdb765dad14586d0a8f70.. papelaria 1 2
8 2835bf7dc6f51f7ded51d2ca3abb0ced  moveis_decoracao 1 2
9 288dbc06591742¢5d7fe90fbfb0894..  moveis_decoracao 1 £
10 2948658chbabcB82847412be7201bfc...  beleza_saude 1 2

Figure 8: Top 10 product recommendations for the selected customer in PostgreSQL
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7.3.2.2.1 The Execution Plan

To better understand the execution times observed for the product recommendation query for a
specific customer, the execution plans of the PostgreSQL and Neo4j implementations were also
examined. This analysis helps identify which operations account for most of the processing time
and how the two database systems access and combine the data required to generate the
recommendations.

In Neo4j, an index on CustomerUnique.customer_unique_id was already available before this
experiment because a uniqueness constraint had been created as part of the graph model. This
constraint ensures that two CustomerUnique nodes cannot have the same identifier and also
provides efficient lookup when a specific customer is used as the starting point of a query. The
recommendation query therefore ran under already indexed conditions and completed in
approximately 100 ms.

In PostgreSQL, however, there was initially no separate index on customers.customer_unique_id.
The original query still completed relatively quickly, in about 1.87 seconds, but this meant that the
two implementations were not being compared under equally optimized conditions. Since Neo4j
already used an index for locating the target customer, a corresponding index was also created in
PostgreSQL to provide a more balanced performance comparison. After the index was added,
PostgreSQL used Index Scan operations for these lookups instead of relying on sequential and
parallel sequential scans in the same parts of the query. As a result, the execution time decreased
from approximately 1.87 seconds to 627 ms, representing an improvement of almost three times.
The indexed PostgreSQL execution plan also provides a clearer view of where the remaining
execution time is spent. The most time consuming part is the identification of similar customers.
In the optimized execution plan, approximately 550 ms had already been used by the time the top
20 customers were selected, while the complete query finished in about 627 ms. This shows that
most of the execution time is spent on generating, comparing, and aggregating the similarity
candidates. Once the candidate set has been reduced to 20 customers, the remaining
recommendation steps operate on a much smaller amount of data. This part of the query therefore
accounts for only a relatively small portion of the total execution time.

The execution plan also shows a large number of repeated indexed lookups during the similarity
search. In particular, 30,804 index searches were performed using the primary key indexes of both
the orders and customers tables. Although these individual lookups are efficient, their large number
contributes to the overall execution cost. In Neo4j, the same logical connections are represented
directly through relationships such as BOUGHT_CATEGORY, BELONGS_TO, PLACED, and CONTAINS,
allowing the query to follow the existing graph structure rather than reconstructing these
connections through relational joins.

Table 11 summarizes the execution times of the two recommendation experiments in PostgreSQL
and Neo4j. Both systems completed the queries efficiently, with Neo4j achieving slightly faster
execution for category recommendations across all customers and a more noticeable advantage for
product recommendations targeting a specific customer.

Experiment PostgrSQL execution time Neo4j execution time
Category recommendation for ~2 s 145 ms ~1 5425 ms
all customers
Product recommendation for ~627 ms ~100 ms
a specific costumer

Table 11: Execution time comparison of category and product recommendation queries in PostgreSQOL and Neo4j
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Overall, the recommendation experiments show that relational and graph databases can implement
the same recommendation logic while using different methods to access and process related data.
In both systems, customer similarity is based on shared product categories, after which categories
or products not previously purchased by the target customer are recommended. PostgreSQL
performs these tasks through joins, aggregations, and CTEs, while Neo4j follows relationships
already represented in the graph. Both implementations produced equivalent recommendation
results, but the graph representation provides a more direct way to express relationship based
recommendation tasks. The performance analysis of the targeted product recommendation also
showed that indexing has an important effect on execution time and should be considered when
comparing the two systems.

7.3.3 Seller Network Based on Shared Customers

The next area of comparison focuses on seller network analysis, where relationships between
sellers are identified through their shared customers. This part of the analysis first examines the
construction of the seller network and then focuses on analysing the resulting network structure.
Rather than examining sellers only as individual entities, the analysis considers the structure
formed by these connections. In both implementations, two sellers are considered connected when
they share at least two physical customers, identified by customer_unique_id. In PostgreSQL, this
network is represented by the seller_network table, whereas in Neo4j the same concept is
represented directly as a SHARED_CUSTOMERS relationship between Seller nodes.

7.3.3.1 Construction of the Seller Network

In PostgreSQL, the seller network first has to be derived from the original relational schema. The
customers, orders, and order_items tables are joined to compose distinct customer_unique_id—
seller_id combinations. The result is then self-joined by customer so that seller pairs with the same
customers can be identified. Each seller pair is stored only once, and the common_customers
column represents the number of customers shared by the two sellers. A minimum threshold of
two common customers is used to determine whether an edge should exist. After the seller pairs
have been generated, the resulting seller_network table is conceptually an edge list. In other words,
although the information describes a graph, PostgreSQL still stores it as rows consisting of seller_1,
seller_2, and common_customers. The network interpretation exists primarily in the query logic
rather than in the data model itself. Listing 11 presents the PostgreSQL construction of the seller
network.
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CREATE TABLE seller_network AS
WITH customer_sellers AS (
SELECT DISTINCT
c.customer_unique_id,
oi.seller_id
FROM customers ¢
JOIN orders o
ON c.customer_id = o.customer_id
JOIN order_items oi
ON o.order_id = oi.order_id
)
SELECT
csl.seller_id AS seller 1,
cs2.seller_id AS seller_2,
COUNT(*) AS common_customers
FROM customer_sellers cs1
JOIN customer_sellers cs2
ON csl.customer_unique_id = cs2.customer_unique_id
AND csl.seller_id < cs2.seller_id
GROUP BY csl.seller_id, cs2.seller_id

HAVING COUNT(*) >= 2;
Listing 11: Construction of the seller _network table in PostgreSQL

The Neo4;j solution is conceptually more direct. Sellers already exist as nodes, and the result of the
shared customer calculation is represented directly as SHARED_CUSTOMERS relationship. The
number of shared customers becomes a property of that relationship. Thus, the network
representation corresponds directly to the analytical concept: an entity is a node, an association is
a relationship, and the strength of that association is a relationship property. As in PostgreSQL, a
SHARED_CUSTOMERS relationship is created only when two sellers share at least two customers.
Listing 12 shows the Neo4j construction of the seller network.

MATCH (cu:CustomerUnique)-[:BOUGHT_FROM]->(s1:Seller)
MATCH (cu)-[:BOUGHT_FROM]->(s2:Seller)

WHERE s1.seller_id < s2.seller_id

WITH s1, s2, COUNT(DISTINCT cu) AS common_customers
WHERE common_customers >= 2

MERGE (s1)-[r:SHARED_CUSTOMERS]->(s2)

SET r.shared_customers = common_customers;
Listing 12: Construction of the Seller Network in Neo4j

7.3.3.2 Analysis of the Seller Network

Once the seller network had been constructed in PostgreSQL, the seller_network table was used as
the basis for further network analysis. Since each seller pair was stored only once, an additional
seller_edges view was created in which every connection appeared in both directions. This was
necessary because the shared customer relationship is naturally undirected: if Seller A and Seller
B have common customers, the same relationship also exists from the perspective of Seller B. The
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relational representation therefore required an explicit transformation before the network could
conveniently be traversed in both directions. The corresponding SQL query used to create the
seller_edges view is shown in Listing 13.

CREATE OR REPLACE VIEW seller_edges AS
SELECT
seller_1 AS seller_from,
seller_2 AS seller_to,
common_customers AS weight
FROM seller_network
UNION ALL
SELECT
seller_2 AS seller_from,
seller_1 AS seller_to,
common_customers AS weight

FROM seller_network;
Listing 13: Creation of the seller_edges view

Based on this representation, one of the main structural analyses performed in PostgreSQL was
connected component analysis. A connected component contains sellers that can reach one another
either directly or indirectly through other sellers. Since connected components are not native
relational structures, they were identified using a recursive CTE. Each seller was first considered
as a starting point, after which the recursive part repeatedly joined the currently reachable sellers
to the seller_edges view. The resulting reachability information was then used to assign sellers to
components and calculate the size of each component. The corresponding PostgreSQL query for
identifying the connected components is shown in Listing 14.
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WITH RECURSIVE
all_sellers AS (
SELECT DISTINCT seller_from AS seller_id
FROM seller_edges),
reachability AS (
SELECT seller_id AS root, seller_id AS reachable_seller
FROM all_sellers
UNION
SELECT r.root, e.seller_to
FROM reachability r
JOIN seller_edges e ON r.reachable_seller = e.seller_from),
seller_components AS (
SELECT root AS seller_id, MIN(reachable_seller) AS component_key
FROM reachability
GROUP BY root),
component_numbers AS (
SELECT component_key, DENSE_RANK() OVER (ORDER BY component_key ) AS component_id
FROM (
SELECT DISTINCT component_key
FROM seller_components) x),
component_sizes AS (
SELECT component_key, COUNT(*) AS component_size
FROM seller_components
GRQOUP BY component_key)
SELECT sc.seller_id, cn.component_id, cs.component_size
FROM seller_components sc
JOIN component_numbers cn ON sc.component_key = cn.component_key
JOIN component_sizes cs ON sc.component_key = cs.component_key

ORDER BY cs.component_size DESC, cn.component_id, sc.seller_id;
Listing 14: Identification of connected components in the PostgreSQL seller network

To extend the connected component analysis, a second version of the seller network was created
in which only stronger seller relationships were retained. While the seller_edges view included
seller pairs sharing at least two customers, the strong_seller_edges view increased this threshold to
five common customers. The purpose of this additional analysis was to examine how the structure
of the network changes when weaker relationships are removed and only connections supported
by a larger customer overlap remain. The connected component analysis was then repeated using
these stronger relationships. To ensure a valid comparison with the original network, the same set
of sellers was retained in both analyses. Therefore, sellers that no longer had any connection after
applying the higher threshold were not removed from the analysis, but remained as isolated
components of size one. Only the set of relationships was changed. This makes it possible to
observe whether larger connected groups remain connected through strong relationships or divide
into smaller components when weaker links are excluded. This analysis provides an additional
perspective on the structure of the seller network. The original network describes connectivity
based on relatively weak customer overlap, whereas the stronger network focuses on relationships
supported by at least five shared customers. Comparing the resulting component structures
therefore shows how dependent the connectivity of the network is on weaker seller relationships.
However, this remains a threshold based connected component analysis, since the groups are
determined by reachability after applying a manually selected relationship threshold rather than by
a dedicated community detection algorithm. Table 12 summarizes the differences in the component
structure between the original seller network and the stronger network.
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Aspect seller edges strong seller edges

number of components 27 191
min component size 2 1
max component size 153 15

Table 12: Result comparison based on component analysis

PostgreSQL was also capable of examining the local structure of the seller network. The clustering
coefficient, for example, was calculated by identifying the neighbours of each seller, determining
how many pairs of these neighbours were themselves connected, and comparing this number with
the maximum possible number of connections between the neighbours. Unlike the previous
connected component analysis, which describes the network at a broader structural level, the
clustering coefficient focuses on the immediate neighbourhood of individual sellers and indicates
how densely interconnected their neighbouring sellers are.

In the relational implementation, this calculation required several explicit processing steps. First,
the neighbors CTE extracted the distinct neighbours of each seller from the bidirectional
seller_edges view. The degrees CTE then counted these neighbours to obtain the degree of each
seller. Subsequently, neighbor_connections compared the neighbours of each seller with one
another and used another join with seller_edges to determine which neighbour pairs were
themselves connected. Since the bidirectional edge representation causes each connected
neighbour pair to be encountered twice, the resulting count was divided by two. Finally, the
number of connected neighbour pairs was divided by the maximum possible number of such pairs,
calculated as degree - (degree — 1) /2, to obtain the local clustering coefficient. Only sellers with
a degree of at least five were retained in the final result. The corresponding query for calculating
the local clustering coefficients is shown in Listing 15.
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WITH neighbors AS (
SELECT DISTINCT seller_from AS seller, seller_to AS neighbor
FROM seller_edges),
degrees AS (
SELECT seller, COUNT(*) AS degree
FROM neighbors
GROUP BY seller),
neighbor_connections AS (
SELECT n1l.seller, COUNT(*) / 2.0 AS connected_neighbor_pairs
FROM neighbors n1
JOIN neighbors n2 ON nl.seller = n2.seller
AND nl.neighbor <> n2.neighbor
JOIN seller_edges e ON e.seller_from = nl.neighbor
AND e.seller_to = n2.neighbor
GROUP BY n1l.seller)

SELECT d.seller, d.degree,
COALESCE(nc.connected_neighbor_pairs, 0) AS connected_neighbor_pairs,
CASE

WHEN d.degree >= 2 THEN
COALESCE(nc.connected_neighbor_pairs, 0) /(d.degree * (d.degree - 1) / 2.0)
ELSEO
END AS clustering_coefficient

FROM degrees d

LEFT JOIN neighbor_connections nc ON d.seller = nc.seller

WHERE d.degree >=5

ORDER BY clustering_coefficient DESC, degree DESC;
Listing 15: Calculation of Local Clustering Coefficients in PostgreSOL

This calculation illustrates an important characteristic: the clustering coefficient can be calculated
successfully, but the graph concept has to be reconstructed through relational operations.
Neighbourhoods, degrees, and connections between neighbours are not directly available as graph
structures and therefore have to be derived through CTEs, self-joins, aggregation, and explicit
mathematical calculation.

The same seller network can be analysed more directly in Neo4j. Since sellers are represented as
nodes and their shared customer associations are already stored as SHARED_CUSTOMERS
relationships, the existing data model corresponds directly to the network required for the analysis.
The local clustering coefficient can therefore be calculated in a more natural graph oriented
manner by using the GDS library. Instead of manually reconstructing neighbourhoods and
connections between neighbours, as required in PostgreSQL, GDS provides a dedicated local
clustering coefficient algorithm that operates directly on a projected graph. For this purpose, a
graph named sellerGraph was created in the GDS graph catalog using Seller nodes and
SHARED_CUSTOMERS relationships. Since the shared customer relationship is natively symmetric,
the relationships were projected with an undirected orientation. The gds.localClusteringCoefficient
algorithm was then applied to the projected graph to calculate the coefficient for each seller. The
algorithm directly returns the coefficient for each seller node, after which the degree was added
and the same minimum degree of five was applied as in PostgreSQL. The corresponding Neo4j
query is shown in Listing 16.
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CALL gds.localClusteringCoefficient.stream('sellerGraph')
YIELD nodeld, localClusteringCoefficient
WITH
gds.util.asNode(nodeld) AS seller, localClusteringCoefficient
MATCH (seller)-[:SHARED_CUSTOMERS]-(neighbor:Seller)
WITH seller, localClusteringCoefficient, count(DISTINCT neighbor) AS degree

WHERE degree >=5

RETURN seller.seller_id AS seller, degree, localClusteringCoefficient AS clustering_coefficient
ORDER BY clustering_coefficient DESC, degree DESC;

Listing 16: Local clustering coefficient calculation using the corresponding algorithm in Neo4j

This creates a particularly clear comparison between the two systems. Both implementations
calculate the same type of network property, but PostgreSQL requires the underlying
neighbourhood logic and coefficient formula to be explicitly constructed, whereas Neo4j provides
a dedicated graph algorithm operating directly on the projected seller network. Despite these
implementation differences, the queries produced the same clustering coefficient results in both
database systems. In terms of execution time, both approaches were also efficient in this
experiment, with the results obtained within a few milliseconds. Figure 9 shows several example
results of the local clustering coefficient calculation in Neo4;.

seller degree clustering_coefficient

"41b39e28db005d9731d9d48 5 0.9
5a83b4c38"

"cfb1a033743668a192316f3 5 0.7
c6d1d2671"

"6973a06f484aacf400ece21 5 0.6
3dbf3d946"

"0b90b6df587eb83608ab4ea 5 0.6
8b390cf07"

"d1c281d3ae149232351cd8c 7 0.5714285714285714
8cc885f0ad"

"a3e9a2c700480d9bb01fba0
70ba80abe"

Figure 9: Some Local Clustering Coefficent examples in Neo4j

The seller network was analysed further in Neo4j using PageRank. While degree measures only
how many other sellers a seller is connected to, PageRank provides a more structural interpretation
of importance by considering not only the existence of connections but also the importance of the
nodes reached through those connections. In the seller network, a seller can therefore obtain a high
PageRank score even without having the highest degree if it occupies a strategically important
position through its connections to other influential sellers. To perform the PageRank analysis, a
GDS graph projection named sellerSharedCustomersGraph was created from the seller network.
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The projection included the Seller nodes and the SHARED_CUSTOMERS relationships between them,
with the relationships treated as undirected. The shared_customers property was included as the
relationship weight, representing the strength of the connection between each pair of sellers.
PageRank was then executed on this projected graph to identify the most important sellers within
the shared customer network. The GDS graph projection and the corresponding PageRank query
are presented in Listing 17. The highest ranked sellers obtained from the PageRank analysis are
shown in Figure 10.

GDS graph projection PageRank Algorithm
CALL gds.graph.project( CALL gds.pageRank.stream(
'sellerSharedCustomersGraph’, 'sellerSharedCustomersGraph’,
'Seller', {relationshipWeightProperty:'shared_customers'
{ )
SHARED_CUSTOMERS: { YIELD nodeld, score
orientation: 'UNDIRECTED', RETURN
properties: 'shared_customers' gds.util.asNode(nodeld).seller_id AS seller,
} score AS pagerank
} ORDER BY pagerank DESC
); LIMIT 20;

Listing 17: GDS Graph Projection and PageRank Calculation

seller pagerank
"4a3ca9315b744ce9f8e9374361493884" 8.842422229227752
"6560211a19b47992c3666Cccht4a7e94c0" 5.62222764347986
"1025f0e2d44d7041d6cf58b6550e0bfa” 4.301397404876692
"1900267e848ceebaB8fa32d80cla5f5a8" 4.162908954477706
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Figure 10: Top Sellers Ranked by PageRank Score in Neo4j

An analogous PageRank calculation could theoretically be implemented in PostgreSQL, as the
algorithm can be expressed through iterative numerical operations on an edge list representation
of the network. However, PostgreSQL does not provide PageRank as a built-in relational operation
or graph analysis function. Implementing the algorithm directly would therefore require more
complex iterative or recursive queries, or the use of an additional graph extension or external
analytical tool. As a result, manually reproducing PageRank in PostgreSQL would add
considerable complexity without providing much value for the present comparison.
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The same general limitation also applies to community detection. In PostgreSQL, the earlier
connected component analysis identified groups of sellers that were reachable from one another,
and the additional threshold based analysis demonstrated how these groups changed when only
stronger seller relationships were retained. However, connected components should not be
interpreted as equivalent to communities. A connected component only requires that a path exists
between its members, whereas community detection aims to identify densely connected groups
within a network. The PostgreSQL implementation therefore provides useful structural grouping,
but it does not perform community detection in the algorithmic sense.

Neo4j was able to extend the analysis using the Louvain community detection algorithm. In this
context, a community represents a group of sellers that are relatively strongly interconnected
within the shared customer network. This makes Louvain analytically different from the threshold-
based connected components calculated in PostgreSQL: instead of first manually removing edges
below a selected threshold and then determining reachability, Louvain analyses the network
structure to identify communities according to its optimization criterion. As with PageRank,
implementing the Louvain algorithm directly in standard PostgreSQL would be theoretically
possible but highly complex and impractial, since it requires iterative graph specific calculations
for which the relational system does not provide a native abstraction. Neo4j; GDS, in contrast,
provides Louvain as an algorithm that is already available for direct use.

The corresponding Neo4j query for applying the Louvain community detection algorithm is shown
in Listing 18.

CALL gds.louvain.stream(
'sellerSharedCustomersGraph’,
{ relationshipWeightProperty: 'shared_customers'})
YIELD nodeld, communityld

RETURN

communityld,

COUNT(*) AS sellers_in_community
ORDER BY sellers_in_community DESC;

Listing 18: Lovain algorithm on the sellerSharedCustomersGraph projection

The Louvain result also highlights the importance of graph projection choices. The projected graph
contained all Seller nodes, whereas SHARED_CUSTOMERS relationships existed only between sellers
sharing at least two customers. As a result, many sellers were isolated in the projected graph. This
explains both the 2,901 returned records and the large number of single seller communities.
Therefore, the number of detected communities should be interpreted with caution, as many of
them simply represent isolated sellers rather than larger, structurally meaningful groups.
Figure 11 presents the ten largest communities identified by the Louvain algorithm.
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Figure 11: The 10 largest communities identified by Louvain community detection in Neo4j

Table 13 summarizes the execution times of the seller network experiments in PostgreSQL and
Neo4j. Both systems performed efficiently in network construction and local clustering coefficient
calculations, with relatively small differences in execution time. More advanced analyses, such as
PageRank and Louvain community detection, were performed only in Neo4j using the Graph Data
Science library, highlighting its specialized capabilities for network analysis.

Experiment PostgreSQL Neodj
execution time execution time
Network Construction ~1s 241ms ~2 s 144 ms
Connected Component ~95 ms -
Analysis with seller_edges

Local Clustering Coefficient ~105 ms ~88 ms
PageRank - ~210 ms
Lovain Community Detection - ~245 ms

Table 13: Execution time comparison of seller network construction and analysis in PostgreSQL and Neo4j

Overall, the seller network analysis shows that the differences between relational and graph
databases become more noticeable as the analysis becomes more graph oriented. A relational
database can represent the seller network as an edge list and calculate several graph measures, such
as degree, connected components, and clustering coefficients, using joins, recursive CTEs,
aggregation, and explicit calculations. However, these implementations become more complex
when the analysis focuses on the structure and topology of the network. In contrast, a graph
database represents seller relationships directly as graph structures and, in the case of Neo4j, the
Graph Data Science library provides dedicated algorithms such as local clustering coefficient,
PageRank, and Louvain community detection. Therefore, the main advantage of the graph
database approach is not that these analyses are impossible in relational databases, but that it
provides a more direct and specialized environment for network analysis.
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7.3.4 Multi-Step Traversal and the Effect of Path Length

The following comparison focuses on multi step traversal and investigates how relational and
graph databases behave as the required path length increases. Unlike the previous analyses, where
the objective was to identify a particular relationship or calculate a network measure, this
experiment examines the process of navigating through an interconnected data structure. A fixed
unique customer was selected as the starting point, and the number of distinct entities reachable at
an exact distance from this starting point was measured. The path length was gradually increased
while the starting entity and the allowed types of connections remained unchanged. This makes it
possible to observe both how the reachable part of the network expands and how the two database
models express the same traversal problem.

For comparability, the same connections were considered in both database systems: connections
between unique customers and customer records, customers and orders, orders and products, and
products and sellers. In Neo4j, these connections are represented directly by the BELONGS_TO,
PLACED, CONTAINS, and SELLS relationships. PostgreSQL represents the same information through
the attributes and relationships of the relational schema. One structural difference is that
CustomerUnique exists as a separate node in Neo4j, whereas in PostgreSQL the
customer_unique_id is stored directly in the customers relation.

To support the traversal in PostgreSQL, these relational connections were combined into a
graph_edges view. The view provides a common edge list representation in which each row
contains an edge_id, two connected elements (node_from and node_to), and a relationship_type.
Prefixes such as CU:, C:, O:, P:, and S: are used to distinguish unique customers, customer records,
orders, products, and sellers. The BELONGS_TO connections are constructed from customer_id and
customer_unique_id, PLACED from the relationship between customers and orders, CONTAINS from
order_items, and SELLS from distinct seller—product combinations. In this way, the relational data
can be traversed through a unified edge structure without changing the underlying PostgreSQL
data model. The traversal does not follow a fixed sequence of entity types. At each step, any
permitted relationship connected to the current entity can be followed in either direction. As a
result, the search can branch into different parts of the interconnected structure and may reach the
same types of entities again through different paths as the traversal depth increases. The
graph_edges view used to represent the permitted relationships for the traversal analysis is defined
in Listing 19. An example of the resulting view is shown in Figure 12.
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CREATE VIEW graph_edges AS

SELECT
'BELONGS_TO:' || c.customer_id AS edge _id,
'C:" || c.customer_id AS node_from,

'CU:" || c.customer_unique_id AS node_to,
'BELONGS_TQ'"::text AS relationship_type
FROM customers c
WHERE c.customer_unique_id IS NOT NULL
UNION ALL
SELECT
'PLACED:' || o.order_id AS edge_id,
'C:' || o.customer_id AS node_from,
'0:" || o.order_id AS node_to,
'PLACED"::text AS relationship_type
FROM orders o
UNION ALL
SELECT
'CONTAINS:' || oi.order_item_pk::text AS edge id,
'0:' || oi.order_id AS node_from,
'P:" | | oi.product_id AS node_to,
'CONTAINS'"::text AS relationship_type
FROM order_items oi
UNION ALL
SELECT DISTINCT
'SELLS:' || oi.seller_id || ':' || oi.product_id AS edge_id,
'S:' || oi.seller_id AS node_from,
'P:" || oi.product_id AS node_to,
'SELLS'"::text AS relationship_type
FROM order_items oi;
Listing 19: Definition of the graph_edges view

edge_id a node_from a node_to a relationship_type a
text text text text

BELONGS_T0:06bB999e2fbalalfbc88172c00ba8.. C:06b8999e2fbalalfbcBB8172c00baB..  CU:BE1eff4711a542e4b93843c6dd7febb0  BELONGS_TO
BELONGS_T0:18955e83d337fd6b2deféb18a428a..  C:18955e83d337fd6b2deféb18a428a..  CU:290c77bc529b7ac935b93aab6c¢333d..  BELONGS_TO
BELONGS_T0:4e7b3e00288586ebd08712fdd037..  C:4e7b3e00288586ebd08712fdd037... CU:060e732b5b29e8181a18229c7b0b2b.. BELONGS_TO
BELONGS_TO:b2b6027bc5¢5109€529d4dc6358b..  C:b2b6027bc5c5109e529d4de6358b..  CU:259dac757896d24d7702b%achbbff3fdc  BELONGS_TO

o R W N =

BELONGS_T0:4f2d8ab171c80ec8364f7c12e35b2..  C:4f2d8ab171c80ec8364f7c12e35b2..  CU:345ecd01c38d18a9036ed96c73b8d0..  BELONGS_TO
Figure 12: First 5 rows of the graph_edges view

The PostgreSQL traversal itself is implemented with a recursive CTE. The selected unique
customer is inserted as the initial node at depth zero. During each recursive iteration, graph_edges
is joined to the nodes reached during the previous iteration. Since an edge can match either
node_from or node_to, the traversal treats the selected relationships as undirected for the purpose
of this experiment. The CASE expression determines which endpoint represents the next node. In
addition, an array named used_edges records the relationships already used within a particular
path, preventing the same edge from being traversed repeatedly within that path. The recursion
continues until the required depth is reached, after which COUNT(DISTINCT node) determines how

many distinct nodes can occur as endpoints at exactly that depth. The corresponding recursive SQL
query for depth 7 is shown in Listing 20.
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WITH RECURSIVE traversal AS (
SELECT
'CU:0000366f3b9a7992bf8c76cfdf3221e2"::text AS node,
ARRAY(]::text[] AS used_edges,
0 AS depth
UNION ALL
SELECT
CASE
WHEN e.node_from =t.node THEN e.node_to
ELSE e.node_from
END AS node,
t.used_edges || e.edge_id,
t.depth +1
FROM traversal t
JOIN graph_edges e ON e.node_from =t.node OR e.node_to =t.node
WHERE t.depth <7
AND NOT e.edge_id = ANY(t.used_edges))

SELECT
COUNT(DISTINCT node) AS reachable_nodes
FROM traversal
WHERE depth =7;
Listing 20: Recursive SOL query for counting nodes reachable at depth 7

Neo4j approaches exactly the same problem from a different starting point. The entities already
exist as nodes and their associations as relationships, so no equivalent of the PostgreSQL
graph_edges view 1is required. The starting CustomerUnique 1is located through its
customer_unique_id, after which the traversal pattern defines the allowed relationship types and
the exact number of steps to be followed. For example, the expression
[:BELONGS_TO|PLACED|CONTAINS|SELLS*7] searches for paths of exactly seven relationships using
only the listed relationship types. The absence of an arrow makes the traversal independent of
stored relationship direction, corresponding to the bidirectional treatment of edges in the
PostgreSQL recursive query. Finally, count(DISTINCT target) counts the distinct endpoints reached
at the requested distance. The corresponding query for the seven step traversal is shown in Listing
21

MATCH (start:CustomerUnique {
customer_unique_id:
'0000366f3b9a7992bf8c76cfdf3221e2'})
MATCH path = (start)-[:BELONGS_TO|PLACED|CONTAINS|SELLS*7]-(target)

RETURN count(DISTINCT target) AS reachable_nodes;

Listing 21: Neo4j query for seven-step traversal

The results show how the network around the selected customer grows as the traversal depth
increases. The queries were run for depths from 1 to 7 steps in both PostgreSQL and Neo4;j. Both
databases produced the same results at every depth, with the same number of distinct reachable
nodes. The corresponding reachable node counts and execution times are summarized in Table 14.
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Path length Reachable nodes PostgreSQL execution time Neo4j execution time

1 1 ~0.90 s ~1 ms
2 1 ~1.28 s ~5 ms
3 1 ~1.69 s ~4 ms
4 23 ~2.77 s ~3 ms
5 245 ~10.01 s ~5 ms
6 1,341 ~1 min 0.25 s ~6 ms
7 1,618 ~4 min 25.71 s ~11 ms

Table 14: Reachable nodes and execution time at different traversal depths

The pattern of reachable entities also reflects the structure of the underlying Olist network. At the
first few traversal depths, the search remains close to the selected customer and therefore reaches
only a limited number of entities. As the traversal progresses and reaches products and sellers,
many additional connections to other orders and customers become accessible, causing the number
of reachable entities to increase rapidly. This expansion is particularly visible at depths 5 and 6.
By depth 7, however, the growth is smaller. This suggests that the traversal paths increasingly
reach entities that were already found instead of discovering many new parts of the network.

The execution times show a clear difference in how the two systems handle increasing traversal
depth. In PostgreSQL, the runtime increases moderately at the lower depths but rises sharply as
the traversal becomes deeper. This is mainly caused by the recursive CTE repeatedly processing
the edge representation and generating an increasing number of intermediate path combinations
that must be joined, filtered, and checked for previously used edges. As the search space expands,
the relational engine therefore has to perform substantially more work before the final distinct
reachable nodes can be determined. Neo4j shows a very different pattern. Its execution time
remains in the millisecond range across all tested depths, varying only slightly between
approximately 3 and 11 ms. This behaviour is supported by Neo4j's graph storage and traversal
mechanisms, where relationships are stored as direct connections between nodes and can be
followed without repeatedly reconstructing them through joins. The traversal operator can
therefore expand through the graph structure directly, which keeps the execution time relatively
stable even as the number of reachable entities increases at greater depths. The difference in
execution behaviour between the two systems is illustrated in Figure 13, where the logarithmic
scale highlights the rapidly increasing PostgreSQL runtime compared with the relatively stable
Neo4j execution time.
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Figure 13: Execution time by traversal depth in both systems

7.3.4.1 The Execution Plan

The PostgreSQL execution plan at depth 7 explains the sharp increase in execution time observed
at greater traversal depths. Most of the execution time is spent within the recursive part of the
query rather than in the final aggregation. The graph_edges view, containing 344,753 edges, is
repeatedly processed during the recursive execution, while the growing number of intermediate
traversal states substantially increases the work required by the nested loop join. At depth 7,
approximately 95.9 million candidate combinations are rejected by the join filter. Furthermore,
6,803 traversal results are produced at the final depth before the COUNT(DISTINCT node) operation
reduces them to 1,618 distinct reachable entities. This demonstrates that the increasing execution
time is caused not only by the growth in the number of final reachable entities, but more
importantly by the rapid expansion of the intermediate search space that must be evaluated during
recursive traversal.

In contrast, the Neo4j execution profile retains the same basic execution strategy between depths
4 and 7. Although the number of database accesses increases from 41 to 6,579, the traversal
continues to be handled by the VarlLengthExpand(Pruning) operator and remains within the
millisecond range. This indicates that the increased traversal depth also results in substantially
more work in Neo4j, but the native relationship-based traversal handles this expansion
considerably more efficiently in this experiment.

Overall, the difference in query construction is therefore significant even though the analytical
question is the same. The implementation in PostgreSQL demonstrates an important characteristic
of relational databases when dealing with graph traversal. It is capable of performing the operation,
but the graph semantics have to be constructed explicitly. The relational schema first has to be
converted into a common edge representation, the direction-independent traversal has to be
expressed through join conditions, the current depth must be maintained explicitly, and already-
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used edges must be stored as part of the recursive state. The SQL query therefore describes not
only what should be found, but also much of how the graph should be traversed.
At the same time in Neo4j, traversal is expressed directly as a path pattern. This represents one of
the clearest conceptual advantages of the graph model in this experiment: path length is a native
part of the query expression rather than a recursive procedure that must be manually constructed.
This advantage was also clearly reflected in the execution time results, where Neo4j handled
increasing traversal depths noticeably more efficiently, while the execution time of the
PostgreSQL recursive query increased sharply as the search depth grew.
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8. Conclusion

The aim of this thesis was to compare relational and graph database approaches using the same e-
commerce domain and underlying dataset. The Brazilian E-Commerce Public Dataset by Olist was
implemented in PostgreSQL using a relational model and in Neo4j using a labeled property graph
model. The comparison focused on database construction, query formulation, analytical
capabilities, and execution behaviour across tasks of increasing structural complexity.

The construction of the two databases already demonstrated important differences between the
models. In PostgreSQL, the database structure was strongly influenced by primary keys, foreign
keys, and referential integrity constraints. The order of data loading therefore had to follow the
dependencies between the relations, and records containing unresolved references had to be
excluded in order to maintain consistency. Neo4j provided greater structural flexibility during the
import process because nodes could exist even when some expected relationships were missing.
However, for the comparative experiments, the same exclusions were applied to both databases so
that they operated on the same cleaned subset of the Olist data. This ensured that differences
observed in later analyses resulted from the database models and processing approaches rather
than from differences in the underlying data.

The basic query comparison showed that both PostgreSQL and Neo4j are well suited to
conventional descriptive analytical tasks. Queries involving filtering, grouping, aggregation, and
relatively simple combinations of entities could be expressed clearly in both SQL and Cypher, and
no meaningful performance difference was observed in these operations. PostgreSQL was
particularly natural for operations that correspond directly to tabular aggregation, while Neo4j
became increasingly expressive as more connected entities had to be included in a query. The main
difference at this level was therefore not the analytical result itself, but the way relationships were
accessed: PostgreSQL reconstructs them through joins based on keys, whereas Neo4j follows
relationships that are explicitly represented in the graph.

More substantial differences appeared in the advanced analyses. Customer similarity demonstrated
that performance depends not only on the selected database model but also strongly on query
design. In PostgreSQL, the initial category-based similarity query generated a very large number
of customer pairs and failed to complete within a practical amount of time. By redesigning the
query around shared category pairs, the search space could be substantially reduced and the same
analysis completed efficiently. Neo4j provided a conceptually direct representation of customer
similarity through shared neighbourhoods, but a direct Cypher implementation based on common
sellers also encountered memory limitations. The Graph Data Science Node Similarity algorithm
provided a more appropriate solution by operating on an in-memory graph projection specifically
designed for this type of analysis. These results demonstrate that neither relational nor graph-based
representations automatically guarantee efficient execution; the formulation of the problem and
the availability of suitable processing methods remain important factors.

The recommendation experiments further illustrated this point. Both systems were capable of
implementing category and product recommendation scenarios based on customer similarity.
PostgreSQL expressed the required logic through joins, aggregation, and candidate filtering, while
Neo4j navigated through the relationships between customers, categories, orders, and products.
The PostgreSQL experiments also showed the importance of indexing, as adding an index to
customer_unique_id remarkably reduced the execution time of the targeted product
recommendation query. Therefore, the comparison indicates that database performance should not
be interpreted only as a consequence of the underlying data model, since query formulation,
indexing, and optimization can substantially influence the final result.

The seller network analysis made the distinction between the two approaches more visible.
PostgreSQL successfully represented the seller network as an edge structure and supported
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analyses such as degree calculation, connected components, and local clustering coefficients.
However, these analyses required the graph concepts to be reconstructed explicitly through joins,
recursive common table expressions, aggregation, and mathematical calculations. Neo4j
represented the same seller relationships directly as graph relationships, allowing network-oriented
analyses to operate on the graph structure itself. Through the Graph Data Science library, dedicated
algorithms could be applied for local clustering coefficient, PageRank, and Louvain community
detection. The significance of this difference is not that advanced network analysis is
fundamentally impossible in a relational database, but that increasingly graph oriented problems
require increasingly complex relational constructions, while a graph database provides a more
specialized environment for these tasks.

The clearest difference between the two systems was observed in the multi-step traversal
experiment. Both databases returned the same number of reachable entities at every tested traversal
depth, confirming that the two implementations represented the same logical connections.
However, the way the traversal was expressed and executed differed considerably. PostgreSQL
required the relational connections to be transformed into a common edge representation and
traversed through a recursive CTE that explicitly maintained the current depth and the edges
already used within each path. As the traversal depth increased, the number of intermediate
traversal states expanded rapidly, causing a sharp increase in execution time. Neo4j, in contrast,
expressed the same operation directly as a path pattern and handled all tested traversal depths
within the millisecond range. Although the amount of work performed by Neo4;j also increased
with depth, its native relationship-based traversal handled this expansion considerably more
efficiently in this experiment.

Taken together, the experiments show that the distinction between relational and graph databases
becomes more important as the analytical focus shifts from individual records and tabular
aggregation toward relationships, network structure, and multi-step navigation. PostgreSQL
proved capable of supporting all major categories of analysis examined in this thesis and, with
appropriate query design and optimization, could also perform several tasks that are naturally
associated with graph processing. Its relational structure remains particularly suitable when the
data is naturally tabular, integrity constraints are central, and the required analyses can be
expressed efficiently through joins and aggregations. Neo4j, on the other hand, provides a more
direct representation when relationships themselves form a central part of the problem and offers
specialized mechanisms for graph algorithms and traversal.

Overall, the comparison demonstrates that neither database model offers a universal advantage
across all analytical tasks. The appropriate choice depends on the structure of the data, the
importance and complexity of its relationships, and the types of queries and analyses that need to
be performed. For the Olist dataset, both approaches proved effective for conventional queries and
several relationship-based analyses, but the advantages of the graph model became increasingly
apparent as the tasks became more dependent on network topology and deeper traversal. Rather
than identifying one model as generally superior, the results show that relational and graph
databases are better suited to different types of analytical problems, and their relative advantages
depend on the requirements of the specific task.
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